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Abstract

Amenities are unobservable characteristics of jobs. The literature generally finds that in-
cluding them augments total compensation inequality in the economy. I build on the
framework from Sorkin (2018) to identify amenities at the firm level. Mymodel includes
worker heterogeneity which generates differential mobility rates in the economy. I esti-
mate it using a structural identification from flows of workers across firms. Using data
on the French labour market, I show that including amenities leads to more dispersion in
utility across firms than suggested with wage data only. I find that including differential
mobility rates across workers exacerbates this dispersion because goodworkers are more
likely to move up the firms-ladder than less productive workers. Sorting on unobserved
job characteristics is even stronger than on firms wage premia. In addition, I find that the
verticality of the firms-utility-ladder is salient only for low income workers. On the con-
trary, for higher income workers, wages and amenities are correlated negatively which
suggests compensating differentials across firms.

1 Introduction
Identifying the non-wage component of a worker’s compensation is hard with only wage
data. However, these unobservables, such as the quality of the working environment, the
professionalism of the management, the flexibility of the work schedule or even one’s auton-
omy can add up to represent a large part of what constitutes the total compensation for a
job. It happens that some of these characteristics are correlated negatively with the wage, for
example when workers are compensated for fatality risk (Lavetti and Schmutte 2018). On
the contrary, some are not priced in the wage and therefore add up positively to the worker’s
total compensation (Maestas et al. 2023). Ultimately the question of whether a certain non-
wage characteristic of a job adds up or subtracts to the wage is an empirical question. Both
have been documented and are theoretically possible (Sorkin 2018).

The role of firms in the dispersion of wages in the economy has long been studied. Since
Abowd et al. (1999) (henceforth AKM), economists have tried to empirically measure the
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sources of wage inequality in the labour market. This literature finds that between firms dif-
ferences are very thin once corrected for the fact that workers are more productive in higher-
paying firms than in lower paying firms. The consequence of this sorting of workers is that
firms do not particularly seem to be driving inequality as compared to differences between
workers themselves.

However, disregarding job amenities and dis-amenities at the firm level might confound
firm wage premia with Compensating Differentials (CDs) at the firm level. If a firm pays a
premium because working there is awful, it does not contribute to inequality in total com-
pensation, which is the relevant welfare measure in fine. Sorkin (2018) uses a reduced-form1

choice model and finds that 70% of the firm wage premia reflect CDs. Hence, once one con-
trols for the total compensation differences by correcting for the unobserved amenity, firm
pay differences are even thinner than previously thought.

Since the correlation between firm amenities and firm wage premia is not exactly −1,
differences in unobserved amenities add to inequality even though not through wage differ-
entials. If amenities and firm wage premia correlate positively, workers face a firm-utility-
ladder. Going up this ladder increases workers utility since it increases wages and amenities.
The objective of this work is to document whether CDs or the Utility-Ladder (UL) dominate
in the data when considering between firms differences. In particular, I build on Sorkin’s
model to measure total utility dispersion in the economy. In his vein, I assume that firms
provide a common amenity to all workers within the firm.

The role of amenities in labour markets has recently received a revival of attention. In
particular, Maestas et al. (2023) find in a survey that US workers’ unobserved job character-
istics increase the dispersion of total compensation in the economy by 10 log points. They
include the amenity bundle to the wage by pricing each amenity according to the stated pref-
erences elicited in their survey. Sockin (2021), by collecting a large dataset on amenities from
the platform Glassdoor on which workers rate their employers, elicits a dispersion in total
compensation 20% higher than for wages only across US firms. On the high end, Lehmann
(2023), using a model closer to Sorkin’s, finds that amenities add to inequality in Austria by
around 60%.

In this work, I consider all non-wage characteristics that are attached to a job. Some jobs
can give a sense of self-esteem or provide learning opportunities whereas some are exhaust-
ing, stressful or dangerous. Sincemany different dimensions could contribute to the amenity
bundle, one unifyingmethodology is to measure the value of the all non-wage attributes of a
job. This is the approach I use in this work. Previously, this heterogeneity has been thought
in terms of inter-industry differentials (Krueger and Summers 1988) since they drive most
of the differences in the occupational content of jobs.

This definition goes in the direction of several other works (Hall and Mueller 2018 or
Lehmann 2023) but differs from the alternative definition of amenities as the idiosyncratic
worker preference for a job2. This other literature considers that the attractiveness of a job
comes from subjective preferences that are peculiar to each worker. For example, the dis-
tance between the workplace and one’s home can deliver utility to workers without being
a shared amenity that the firm provides to all workers. In general, this is thought of as a
private rent of workers since the firm cannot observe it.

In reality, amenities most often fall in between the idiosyncratic and the shared categories.
This ambiguity comes from the fact that workers have heterogeneous tastes for amenities and

1He compares expected utility 𝑉 𝑒 with firm fixed effect in the wage.
2notably Lamadon et al. (2022) or Berger et al. (2023)
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sort in jobs that appeal most to their preferences. Maestas et al. (2023) indeed find that het-
erogeneity in preferences induces a significant sorting of workers depending on their tastes
for different amenities.

More generally, identifying preferences in the labour market is challenging because of its
frictional nature. This has made the task of economists to identify CDs very difficult. Bon-
homme and Jolivet (2009) show how amenities play a significant role in worker choices but
that frictions in the labour market would need to be extremely low for wages to exhibit CDs.
The subsequent literature therefore puts more intense use on choice models to identify them.
This is the case of Sullivan and To (2014a) and Taber andVejlin (2020). Thosemodels include
several channels that make identification of amenities complex: human capital, comparative
advantage and frictions. My framework is more in line with Sorkin (2018) whosemodel only
features frictions and makes no use of wage information.

Sorkin (2018) uses a ranking algorithm that reconciles firm values and observed flows
of workers across firms. His model is built on a revealed preferences argument according
to which the direction of the in- and out-flows of workers from each firm indicates how this
firm stands in the overall ranking of firms. This technique builds on the PageRank algorithm
developed by Google (1998) for ranking webpages. He then carefully accounts for potential
shocks that affect mobility exogenously and would otherwise confound the revealed pref-
erence of workers. I depart from him by not correcting for those potential biases using ad-
ditional moments of the data but instead by estimating my model with the more restricted
sample of tenured workers. Tenured workers are somewhat insulated from involuntary job
changes, therefore their mobility decisions reveal more closely their preferences. Regarding
the firmoffers distribution, Sorkin identifies firm recruiting intensity by using hires fromnon-
employment. Evidence from Faberman et al. (2022) show that employed and unemployed
sample job offers from different distributions. Their findings contradict this identifying as-
sumption so I prefer making the more agnostic assumption that firms meeting probabilities
are uniform.

I add to his model by incorporating worker heterogeneity. The idea is that flows of work-
ers are not all worth the same because all workers are not as likely to be poached. As in
Lamadon et al. (2022), workers are heterogeneous in their individual efficiency. I allow firms
to impose a markdown on wages and extract more profits from good types. This delivers a
hiring probability that depends on the type of the workers. As a result, good workers are
more mobile and more likely to climb the firms-ladder.

With this framework, I can speak to the entire utility dispersion in the economy, factoring-
in the unobservable amenities, and recover granular firm-level estimates. I describe the full
distribution of firmwage premia, firm amenities and firm averageworker productivities. My
model nests the homogeneous workers framework of Sorkin as a simpler case. I also recover
the labourmarket parameters that governmobility and explain the sorting I observe. Sorting
in my model is not an equilibrium outcome but results from frictions and the differential
mobility of workers.

I show how differential mobility affects the expected value workers have for firms. The
utility dispersion is greater for low productivity workers because they are more likely to
be stuck in a bad firm. I then show how to estimate my model using a matched employer-
employee dataset. The first step is to perform anAKM regression to identify worker and firm
fixed-effects in thewage. Then I use the flows of workers across firms and the averageworker
qualities to estimate my model. The estimation is iterative since my firm values depend on
mobility parameters that can only be estimated with some guess for firm values.

I have to approximate mymodel by estimating it for the average type in each firm - which
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corresponds to half of the variance in types in the economy. Sorkin’s method is supposedly
faster than using aMaximumLikelihood Estimator as is done inmost of the literature. This is
because it only deals with the very sparse matrix of between-firms flows which is 𝐾 × 𝐾 for
𝐾 firms even in the presence of millions of workers. However, by including non-linearities
due to worker heterogeneity, the computational advantage is less clear.

I take my model to the French Ile-de-France DADS3 data for the period 2010-2015. Since
I restrict myself to the well-connected set of firms, my AKM estimates are fairly robust to the
limited mobility bias4. I find most of the wage variation to be explained by worker-effects
and a strong correlation of worker types with firm fixed effects. As Sorkin, I find CDs by
identifying the portion of the firm effect that equalizes utility differences. Compensating
workers at the firm level for differences in firm amenities decreases the firm effect by 47%, less
than what Sorkin (2018) finds for the the US. However my estimate using his homogeneous
workers model are fairly close.

Higher productivity workers are found to be more mobile than the average. I identify the
3 parameters of my model that relate to mobility and utility dispersion in the French econ-
omy. The first one governs overall frictions in the economy, the second how mobility varies
with worker types and the third is the variance of the idiosyncratic preferences relative to the
total differences in utility across firms. I find that mobility is very sensitive to worker types.
This implies that utility in the economy is significantly more dispersed than suggested by a
homogeneousworkersmodel because badworkers cannot relocate as easily as goodworkers.
In addition, I find that the idiosyncratic component of utility has a low variance compared
to the size of the firms-utility-ladder. I measure this parameter by scaling utility differences
measured relative to the scale of the taste shock to the observed differences in firm premia of
movers that go through unemployment. This derives from the additional assumption that,
when unemployed, workers put more emphasis on wages than amenities when considering
job offers.

My results align with observable firm characteristics. I compare amenities to sectors and
locations of firms and find that their distribution makes intuitive sense. A fine industry de-
composition explains as much as 45% of the differences in amenity-provision whereas it
leaves wide differences in wage premia across firms. I also check that the amenity is not
entirely explained by differences in working time.

I provide several decompositions of utility dispersion in the economy. First, I decom-
pose utility across firms by firm wage premium, firm amenity and their correlation. I find
that amenities drive 75% of the dispersion in utility. This is mainly driven by the fact that
my estimates of firm wage premia are quite low. I find that amenities and wage premia are
positively correlated, which seems to contradict the CDs model of the labour market when
considering the total amenity bundle and not a specific amenity. Second, I include sorting
in the picture and decompose between-firms differences adding the contribution of the aver-
age worker productivity. ”Sorting” is the result of the differential mobility rate of high types
that end up higher in the firms-utility-ladder faster. I find significant sorting of workers on
both firm premia and unobserved amenities which contribute respectively 8 and 29% to total
between-firms utility differences. When I estimate Sorkin’s model, I find negative sorting of
workers and total compensation which implies that utility is 44% less dispersed. This odd re-
sult suggests that not modeling workers heterogeneity might result in very biased estimates
whereby productive workers are in bad firms. Third, I provide a novel decomposition to

3Déclaration Anuelle des Données Sociales produced by the French national statistical agency
4I do not perform bias-correction techniques such as Kline et al. (2020), this is left for future work.
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show how CDs attenuate inequality in the labour market by comparing CDs with a coun-
terfactual where firms cannot compensate workers for amenity differences. I find that CDs
reduce inequality by 8.1%, as opposed to 100% if they were to offset completely the amenity
differences.

My final decomposition looks at how wage premia, amenities and sorting differ across
groups. I break down my results across income terciles and age groups. The breakdown by
terciles reveals a surprising result. I compute the covariance of wage premia and non-wage
values and find that it is negative for the 2 highest income terciles whereas it is robustly posi-
tive for the lowest one. This suggests the presence of CDs for workers that are not too low in
the income distribution. However, I identify a salient firms-utility-ladder for workers in the
lowest tercile. Age groups differences reveal that workers tend to sort towards firms with
more amenities as they age, consistent with findings from Lentz et al. (2023).

In order to assess the robustness of my estimates, I use several approaches. First, I boot-
strap the entire estimation and document the uncertainty in my estimates. Using methods
from Mogstad et al. (2020), I compute the marginal and simultaneous confidence sets for
the ranking of firms. Second, I test how the limited mobility might provide too dispersed es-
timates and find that my results are both qualitatively and quantitatively unchanged across
experiments. Lastly, I provide some sensitivity checks to document the direction of potential
residual biases.

Literature review - First, I contribute to the literature on compensating differentials. This
line of research was fathered by the canonical theory of equalizing differences in Rosen
(1983). Since then, economists have struggled to identify CDs in the data because of labour
market frictions (Bonhomme and Jolivet 2009 or Lang and Majumdar 2004), see Lavetti
(2023) for a recent review. Some recent works that have identified CDs include Lavetti and
Schmutte (2018) for fatality risk, Wissmann (2022) and Anelli and Koenig (2022) for health
at work, Nagler et al. (2023) for stress and pressure, Chen et al. (2019) and He et al. (2021)
for flexible work, Desiere and Walter (2023) for shift work and Dube et al. (2022) for dignity
at work. All in all, CDs have been identified in number of settings, but they are very sensitive
to frictions (Nagler et al. 2023) and are well identified only at the amenity level. Some other
works have identified the absence of CDs: Park et al. (2021) for injury risk and temperatures
or Marinescu et al. (2020) for labour rights violations.

Second, mywork connects to the broader topic of the total dispersion of utility in the econ-
omy and sorting on preferences. Through this lens, wage variations not only compensate dif-
ferences in amenities but can also augment them or provide rents to workers depending on
their preferences. This has been identified in the stated preferences survey of Maestas et al.
(2023) where Willingness To Pay (WTP) for amenties vary across groups and is higher for
workers that select into jobs with this amenity. With a related approach, Sockin (2021) finds
that WTP for job amenities increases with income and augments total compensation inequal-
ity. Taber and Vejlin (2020) estimate in a structural model that non-pecuniary preferences
interact significantly with other dimension of the labour market such as human capital accu-
mulation and pre-market skills. Lamadon et al. (2022) find in a model without frictions that
idiosyncratic preferences play a significant role under-the-hood of wage differences and actu-
ally increase total compensation dispersion. Other structural works that identify a significant
role for non-pecuniary motives for worker choices of firms include Sullivan and To (2014b),
Lehmann (2023) and Lentz et al. (2023). Hall and Mueller (2018) identifies the dispersion
of job values from the acceptance choices of unemployed workers. Overall, estimates of the
contribution of the non-wage bundle to total compensation inequality are in the range of 5
to 60%. Therefore, there is a lot of uncertainty on the contribution of non-wage amenities to
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total inequality, but it is robustly positive. Studies that focus on the entirety of the non-wage
bundle - as I do - are on the high end of the range compared to the ones that only include a
subset. Hence, unobserved amenities seem to actually disperse utility because workers ben-
efit from firm level rents. The utility-ladder theory (as a result of frictions) is often coined as
the Mortensen (2005) motive for utility differences.

Third, my work is related to the large literature on sorting in the labour market. In partic-
ular, I build on AKM (Abowd et al. 1999) that pioneered fixed effects models with employer-
employee datasets. Card et al. (2013) and Song et al. (2019) document how sorting has in-
creased in recent decades exacerbating the differences in wages across firms. Babet et al.
(2023) documents a similar pattern in France. Many works since AKM have argued that this
estimator is biased and proposed alternative estimation methods, for example Kline et al.
(2020) with their leave-one-out correction. Bonhomme et al. (2023) show that across devel-
oped economies, unbiased AKM wage variance decompositions lie in the range of 5% for
firm effects and 10 − 20% for sorting of workers.

Finally, I build on the methods from Sorkin (2018) also used in Sorkin (2017). His rank-
ing algorithm is a direct application of the PageRank algorithm developed by Google (1998)
to rank web pages by using the citations network and unveil influence on the net. Since then,
rankings have much developed and adopted a similar recursive formulation, see Palacios-
Huerta and Volij (2004). Bagger and Lentz (2019) also estimate a ranking of firms but in
order to identify the productivity job-ladder. Sorkin’s method has since received relatively
little attention until works by Moser and Morchio (2023) and Lachowska et al. (2023). My
work extends this method by introducing heterogeneity and showing the mapping between
flow and expected values. However, I resort to approximations and therefore do not make
the best use of this technology.

The next section outlines my model, section 3 details the estimation procedure, section 4
contains information on my estimation sample, section 5 presents my results and section 6
concludes. The Appendix contains proofs A, robustness checks B and additional figures and
tables C.

2 Model
In this section, I present my framework and show some results about utility dispersion in
the economy. The model is a partial equilibrium random on-the-job search model with het-
erogeneous workers and firms. I first present workers utility and preferences, then move
to the reduced-form firms block and finally discuss utility dispersion in the economy and
properties of the value functions.

Workers

The economy is populated by 𝑁 workers that are employed in 𝐾 firms. Those workers are
tenured employees so they are not affected by shocks to their employment status and I also
assume that there is no job destruction. Hence, their choice of firm can be seen as a location
choice with mobility frictions. A worker (she) derives utility from the wage 𝑤 her firm pays
her and the amenity 𝑎 of being employed at this firm. The utility derived from the relation-
ship at each period is assumed log-additive:

𝑈 = ln 𝑤 + ln 𝑎
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Workers discount the future at rate 𝛽. At each point in time, workers can relocate. I as-
sume there is some probability 𝜆 with which workers can start looking for other opportuni-
ties. If they can search, they eventually meet a firm 𝑗 drawn uniformly from the distribution
of firms. I assume uniformity for simplicity and to avoid having an additional need for iden-
tifying the offers distribution5. Upon meeting, the worker considers the expected utility in
both her current firm 𝑉𝑖 and the poaching firm 𝑉𝑗 and draws a taste shock 𝜖 for each. She
then compares the two alternatives and makes the choice maximizing utility:

max{𝑉𝑖 + 𝜖⏟
stay

, 𝑉𝑗 + 𝜖′⏟
move

}

I make the classical assumption that those shocks are distributed Extreme Value (EV)
with variance parameter 𝜈. For now, assume 𝜈 = 1. All unobserved drivers of the choice else
than wage or the common amenity 𝑎 are captured by this shock. This can be for example,
how close people happen to live to their new workplace. 𝜖 could be a function of a many-
dimensional object summarizing all subjective elements entering the worker’s choice of a
firm or heterogeneous preference weights. Since I do not observe it, let’s assume it is iid
across workers and that it captures all the idiosyncratic portion of expected utility.

On the contrary, 𝑉𝑖 is the expected value of working at firm 𝑖. This is the core object I
am interested in. It contains the flow utility given by the individual wage and the amenity
which is common to all workers. Arranged in ascending order, the sequence of 𝑉𝑖 constitutes
a ”ranking” of the firms that I can measure in terms of expected utility - I will detail later its
expression and link flow and expected utility. Before drawing the idiosyncratic taste shock,
all workers have some value for 𝑉𝑖 that relies on common fundamentals for which prefer-
ences are similar across workers.

The literature is somewhat divided into the proper way to include amenities in labour
market models. Lamadon et al. (2022) and Berger et al. (2023) define amenities as the 𝜖
idiosyncratic preference for firms. This is unobserved to the firm and can therefore be con-
sidered as a rent in favor of the worker. On the other side, the literature interested in pricing
amenities provided by firms assumes amenities are shared by all workers. This literature
is interested into determining whether firm-level differences in amenities explain the firm
wage premia (Rosen) or correspond to rents (Mortensen). However, workers could also
have heterogeneous values for this bundle. The question of whether there is some system-
atic component to amenities - net of idiosyncratic differences - is in fine empirical. If people
were only to sort on some 𝜖, there would be no systematic mobility apart from the one that
derives from wage premia differences across firms.

Note that if workers enter the labour market directly in firms that best suit their taste,
their mobility would not reveal their preferences. Instead, I assume here that workers ini-
tially enter randomly the labour market and then switch firms based on preferences 𝜖 and
total compensation 𝑎 + 𝑤. Also, in a model where all amenities are subjective, the welfare
implications6 are quite different than when there is a systematic amenity 𝑎. Lowering fric-
tions would mechanically increase welfare because workers can move towards their highest
draw 𝜖 as compared to going towards the firm at the top of the ladder in the shared amenity
model.

5Sorkin (2018) and Lehmann (2023) identify the offer distribution from the distribution of hires from unemployment.
I am not willing to make such an assumption because it would potentially overestimate the recruiting intensity of the worst
firms while underestimating the one of the best. Faberman et al. (2022) show that the returns to search and the distribution
of offers are very different for employed and unemployed workers.

6The welfare statics in discrete choice models is unclear, see Mongey and Waugh (2024)

7



Firms

There are 𝐾 firms, which I store in the set Ω. The firms hire workers, produce, pay wages
and provide some amenity. I assume firms are characterized by a tuple (𝜓, 𝑎) of wage pre-
mium and amenity. They are both exogenous and I am only interested in estimating their
distribution for the economy I observe through the data. Whether they correlate negatively
(Rosen) or positively (Mortensen) is ex-ante unknown. I frame my model differently than
other papers in the CDs literature, including Sorkin (2018), who instead say firms have het-
erogeneous costs of amenity-provision. Costs map more easily to the canonical theory of
equalizing differences from Rosen (1983). Instead, in my model, amenities are free to the
firm and their level is exogenously set for simplicity. Also, wage premia are reduced-form.
They are unmodelled but could correspond to productivity differences (Bagger and Lentz
2019), product rents (Wong 2019) or barriers to entry.

Workers are heterogeneous to the firm. I assume there exists a continuum of worker
productivity types 𝛼 in the economywith some distribution 𝐹 . Production is worker-specific
and additive between workers. There are no gains from scale nor complementarity between
workers. There is no complementarity between firm and worker types either such that they
are both separable. I assume unit-production 𝑦 is exponential and express profit 𝜋 as the
surplus of production over wage bill:

𝑦𝑖(𝛼) = exp(𝜓𝑖 + 𝛼) 1 + 𝜋𝑖(𝛼) = 𝑦𝑖(𝛼)
𝑤

In classical models of the labour market, all workers are paid their marginal production -
perfect competition - which implies no profits for the firm and 𝑤𝑖(𝛼) = exp(𝜓𝑖 + 𝛼). Under
this assumption, firms don’t discriminate workers based on their productivity because they
will in fine not make any profit and rents are completely passed on to wages.

Instead, in order to introduce differential mobility across worker types, I assume that the
profit from hiring a worker 𝛼 is a share 𝜇 of its type plus a profit shock 𝜄:

1 + 𝜋𝑖(𝛼) = exp(𝜇𝛼 + 𝜄) E𝜄[𝜋𝑖(𝛼)] = exp(𝜇𝛼) − 1

Under this specification, the expected profit is increasing in the worker type 𝛼. The profit
shock 𝜄 can be though of as a match effect. The RHS expression comes from the fact that
I assume that 𝜄 has mean 0 and that it is distributed logistic7. Firms perfectly observe 𝛼
which is reasonable when considering tenured employees with some employment record. I
further assume that none of the match effect is passed on to the worker’s wage8. Given the
proportional profits assumption, the wage of a worker 𝛼 working in firm 𝑖 is given by:

ln 𝑤𝑖(𝛼) = (1 − 𝜇)𝛼 + 𝜓𝑖

The wage premium of the firm appear in the wage - it could be rents of CDs. However,
wages only reflect part of the worker productivity advantage because the firm is collecting
some of the additional profit of good types (or paying the cost of unproductive workers).
With this wage, workers are happier to work at higher 𝜓 firms but in any firm they only get
1 − 𝜇 of their productivity. Ex-ante, a firm thatmeets aworker𝛼will hire herwith probability:

𝜌𝜇(𝛼) ≡ P(𝜋𝑖(𝛼) > 0) = P(𝜇𝛼 + 𝜄 > 0) = exp(𝜇𝛼)
1 + exp(𝜇𝛼)

7This could be relaxed and calibrated more precisely in the estimation but I stay with this simple version.
8This is not necessary either but very convenient
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The acceptance probability 𝜌𝜇(𝛼) for a type 𝛼 increases in 𝛼 and increases in second-order
stochastic dominance as 𝜇 increases. Note that the acceptance probability is independent
from 𝑖. 𝜇 governs the sensitivity of firms to worker types. Hence more (less) productive
workers are more (less) often hired as 𝜇 increases. The intuition is that, as firms have to bear
the cost of bad workers - from my assumption on the relationship between profits and types
-, they will only hire them if the profit shock is very good, which occurs less when they bear
more of this cost, i.e. higher 𝜇.

𝜇 can be interpreted in many ways. One way to see it may be that there is some labour
market power which is uniformly exercised by all firms in the economy. An other micro-
foundation could be the institutional environment. In what follows, I use the terms firm
fixed-effects and wage premia interchangeably.

Utility dispersion

I summarize the model with the following firm 𝑖 value function for worker 𝛼:

𝑉𝑖(𝛼) =
flow value

⏞𝑣𝑖(𝛼) +𝛽 [
no search (1)

⏞⏞⏞⏞⏞⏞⏞(1 − 𝜆) × 𝑉𝑖(𝛼)

+ 𝜆 × (
not accept. (2)

⏞⏞⏞⏞⏞⏞⏞(1 − 𝜌(𝛼))𝑉𝑖(𝛼)

+ 𝜌(𝛼) ∑
𝑘∈Ω∖𝑖

𝑓𝑘 E𝜖𝜖′[
choice ∣𝜖,𝜖′

⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞max{𝑉𝑖(𝛼) + 𝜖, 𝑉𝑘(𝛼) + 𝜖′} ]
⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

option value (3)

)]

Where 𝑉𝑖(𝛼) is the value of being in firm 𝑖 for a worker 𝛼 and 𝑣𝑖(𝛼) is the flow utility
𝑈𝑖(𝛼) = ln 𝑤𝑖(𝛼) + ln 𝑎𝑖. The recursive formulation makes apparent the flow utility and
the continuation value discounted by 𝛽. Next period, one of 3 events can occur: (1) nothing
happens, (2) the worker can search for a job, but the firm doesn’t want to recruit her, or (3)
she searches and gets an offer from a firm. In cases (1) and (2), she has no choice tomake and
stays at her firm. However, in case (3) she might move if she meets a good firm 𝑉𝑘 and/or
draws a good-enough net taste shock 𝜖′ − 𝜖.

𝜆 governs the frictions in the labour market: how often can workers start looking for an
other firm. 𝜌(𝛼) encodes the acceptance probability for a given type 𝛼: how likely are firms to
recruit a worker with this productivity level. Upon successful search, workers meet one out
of the 𝐾 − 1 other firms, sampled uniformly with probability 𝑓𝑘 = 𝑓 = 1/(𝐾 − 1). The ex-
pected value is taken over the 2 taste shocks. Since the acceptance function of the worker and
the sampling probability are independent of 𝑘, the acceptance probability can be combined
into 𝜆𝜌(𝛼). Note that 𝑉 is a function of the worker type because different workers are paid
differently and have different acceptance probabilities. Revealed preferences appear only in
the last term of the value function. From the choices of all the workers in the economy, I will
identify the firms ranking and 𝑉𝑖(𝛼)s.

Using the properties of the EV distribution, I rewrite the expectation to get:

𝜂𝑖(𝛼) ≡ ∑
𝑘∈Ω∖𝑖

𝑓 log(exp(𝑉𝑖(𝛼)) + exp(𝑉𝑘(𝛼)))
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Where 𝜂𝑖(𝛼) is the option value of the worker. Each firm expected value incorporates the
value of the option to move to a better firm. This option is a function of 𝛼 since 𝑉 s depend
on 𝛼. The option value is always strictly greater than the value of the current firm as can be
seen in the formula. However, as workers are higher in the firm-ladder, the option to move
to an other firm loses value compared to staying at their current firm. Hence for the highest
ranked firm 𝜂𝑖(𝛼) − 𝑉𝑖(𝛼) is lowest, but still positive.

I next state 2 propositions that allow me to simplify the value function. Proposition 1
shows how to remove the worker individual productivity premium and Proposition 2 how to
compare dispersion of utility across types. The proofs Appendix A goes more into the detail
of the derivation.

Proposition 1: Under the assumptions that utility takes a log-additive form and that profits are
a constant share of 𝛼, the ranking of firms according to 𝑉 𝛼 is the same as with 𝑣 and 𝑉 (𝛼) for all 𝛼.
We can write the value function net of the individual effect as:

𝑉 𝛼
𝑖 = 𝑣𝑖 + 𝛽[(1 − 𝜆𝜌(𝛼))𝑉 𝛼

𝑖 + 𝜆𝜌(𝛼)𝑓 𝜂𝛼
𝑖 ]

with 𝑣𝑖 = 𝑣𝑖(𝛼) − (1 − 𝜇)𝛼 and 𝜂𝛼
𝑖 = ∑𝑘∈Ω∖𝑖 log(exp(𝑉 𝛼

𝑖 ) + exp(𝑉 𝛼
𝑘 ))

Proof: see Appendix A.

Proposition 1 is the first step towards dealing with the dependence on 𝛼 in the value func-
tion. It defines the alternative value function 𝑉 𝛼 that removes the worker wage premium
from the flow value. Basically, since a worker is paid (1 − 𝜇)𝛼 in all firms, this component
just shifts all firm expected values up or down with 𝛼 and can be removed from the value
function. Expected values are still functions of 𝛼 because the option value is weighed by the
worker specific transition probability 𝜌(𝛼). Note that the flow value 𝑣 is now common to all
workers:

𝑣𝑖 = 𝑣𝑖(𝛼) − (1 − 𝜇)𝛼 = 𝜓𝑖 + 𝑎𝑖

A ranking of firms is a set of value functions that represent an order of preferences be-
tween firms. For all 𝛼s, Proposition 1 says that all workers agree on which firms they find
delivers highest and lowest utility. It also states that rankings are similar across all characteri-
sations of utility: the original expected value 𝑉 (𝛼), the flowvalue 𝑣 and the net-of-person-effect
expected value 𝑉 𝛼. This derives from the fact that all workers value the amenity 𝑎 similarly
and all receive the firm rent 𝜓 in their wage. This is a first result that derives from my as-
sumptions. However, these rankings are in different units/scales: small letters 𝑣 correspond
to flow utility whereas capital letters 𝑉 to expected utility. From here on, I call firm value
the common flow value 𝑣 and 𝑉 𝛼 the expected value.

The dependence of firm expected values on 𝛼 appears now only through its effect on
mobility. More productive workers will be poached more often and therefore climb the firm-
utility-ladder faster. Since they are more likely to be successfully contacted upon searching,
they will benefit more from their option value. In return, their expected values will be more
compressed. On the contrary, low 𝛼 workers will not be poached very often so their expected
values will be more dispersed across firms, even though high and low 𝛼 workers value 𝜓 and
𝑎 similarly.
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This difference in expected utility dispersion is not trivial. Since I want to measure utility
based on choices, I have to carefully measure utility dispersion across firms and across types.
This is all the more important because different workers are likely to work in different firms.

Proposition 2: Under the same set of assumptions as Proposition 1, we have the following identity
∀𝛼, 𝑖, 𝑗:

Δ𝑉 𝛼
𝑖𝑗 × ℎ(𝛼, 𝑖, 𝑗) = Δ𝑣𝑖𝑗

with ℎ(𝛼, 𝑖, 𝑗) = 1 − 𝛽 + 𝛽 𝜆 𝜌(𝛼) (1 − 𝜒𝛼
𝑖𝑗) and 𝜒𝛼

𝑖𝑗 the relative difference of option values 𝜂𝛼
𝑖

ranging from 0 when (𝑖, 𝑗) are the worst firms to 1 when they are the best ones.

Proof: see Appendix A.

Proposition 2 characterizes the dispersion of expected utility in the economy as a function
of the common flow values. It links flow utility to expected utility. The function ℎ, that takes
as arguments the worker type and the location of 𝑖 and 𝑗 in the ranking of firms, converts
differences in flow utility into 𝛼-specific expected value differences. As anticipated, this dis-
persion is decreasing (ℎ increasing) in 𝛼 since good workers are more mobile.

The function 𝜒𝛼
𝑖𝑗 takes as input the position of (𝑖, 𝑗) in the ranking of firms and encodes

the contribution of the option value to the expected values dispersion. It is quite natural
that for firms with the highest expected value, the difference in expected values does not
depend on the worker type so much because workers are already at the top of the ladder.
Indeed, for high 𝑉 𝛼s, (1 − 𝜒𝑖𝑗) = 0 so the effect of 𝜌(𝛼) disappears and ℎ ≈ 1 − 𝛽. Basically,
the dispersion in expected values at the top of the firm-ladder is equal across worker types.
With the notation 𝜒𝑖𝑗, I hint towards the fact that I will approximate9 𝜒𝛼

𝑖𝑗 with some function
𝜒𝑖𝑗 in the estimation since they are very close given my estimated 𝐹 .

Additional remarks

Before moving to identification, some remarks are in order to compare my model with the
literature:

• No dynamics in wages: My framework is fairly static in the sense that there is no learn-
ing (Gibbons et al. 2005), nor bargaining (Postel-Vinay and Robin 2002), nor promo-
tions, nor any dynamic change in the wage apart from mobility. This is to obtain the
simple additive wage decomposition that is used in AKM. The model focuses on the
amenity component and its interaction with worker heterogeneity and frictions.

• No unemployment risk: By removing the unemployment risk, I distance myself from
traditional labour market models that investigate the role of the job ladder, with at its
bottom unemployment10. The job ladder in my model does not feature unemployment
risk since all workers already hold a stable tenured job. Again, this setting simplifies
the analysis and focuses on between-firms utility dispersion.

• Proportional profits: My assumption on firm profits deviates from the homogeneous
workers assumption in Sorkin (2018). I provide a simple microfoundation for this de-
viation in the flavour of the labour market power literature Berger et al. (2022). How-
ever any type of model that makes the acceptability of good types higher would fit the

9In the proofs Appendix A, I show numerically that this is harmless for this application. It derives from the fact that
mobility is quite low for all workers. More discussion in the Appendix A.

10For a recent work on job ladder with costly unemployment see Jarosch (2023)
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framework. I will later validate this core element of the model in the data. Alterna-
tively, one could also assume that workers have a homogeneous mobility probability
but that there is a complementarity between high productivity firms and high types
which would induce them to match more often. However, this would lead to sorting
in equilibrium which is not the case here.

• Homogeneous tasks: I disregard in the model the role of human capital and learn-
ing. In fact, I will argue in the empirical section that 𝛼s reflect within-occupation pro-
ductivity differences across workers because I will control for occupational differences.
Hence my estimates of individual effects will capture the dimensions of workers effi-
ciency not controlled for in the estimation such as experience, education or individual
worker traits.

• Taste shock variance: A central parameter not discussed until now is the variance of
the taste shock 𝜈. This is a core parameter that will allow to map 𝑣 and 𝜓 and measure
utility across firms in log euros. For now, note that assuming 𝜈 = 1 is similar to rescaling
my utility as 𝑣/𝜈 for any 𝜈. Note that if the taste shock has a high variance, it means
that the idiosyncratic part of preferences plays a big role the the mobility of workers as
compared to wages and the amenity.

• Costs of mobility: My framework assumes no mobility costs. This is fairly common in
models of on-the-job search but less so when considering inter-industry mobility. Ac-
tually, frictions andmobility costs cannot really be disentangled since they are observa-
tionally equivalent to the econometrician. Since the trade Artuç et al. (2010) and devel-
opment Bryan and Morten (2019) literatures find high costs of switching sectors, my
results on the between-sectors differentials might not be so robust, but still they make
intuitive sense. More structural models, as Taber and Vejlin (2020) or Dix-Carneiro
(2014), take into account the role of human capital in mobility of workers.

• Compensating differentials: As in Sorkin (2018), my model features CDs in the form
ofwage premia paid to offset differences in amenities. But in addition, I will discuss the
distribution of amenities not compensated by firm premia, which is more interesting
in terms of welfare but more tricky to identify. However, amenities do not enter the
firm wage-setting equation and therefore the model is quite reduced-form regarding
this aspect. This is because I assume free amenities.

• Information: My model assumes that workers perfectly know 𝑉𝑗 - utility at the firm
theymeet - which is a strong assumption since this is a firmworkers haven’t been at. In
reality, workers have necessarily more information about the firm they are at than the
firm they go to and these information sets are of different nature. There is no learning
or information consideration in my model so I assume this uncertainty is captured by
𝜖 and plays out symmetrically in the choice.

To conclude this section, I connect my model to Sorkin’s. Under his homogeneous work-
ers assumption, all value functions are similar across workers. Also, he does not estimate
the flow values because of the computational burden of inverting his value function. I will
compare my results to the 𝑣s estimated with homogeneous workers but without accounting
for shocks and heterogeneous recruiting intensities as he does. He gets a firm value of the
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following form - keeping the assumption of uniform meeting probabilities:

𝑉 0
𝑗 = 𝑣0

𝑗 + 𝛽[(1 − 𝜆𝜌(0))𝑉 0
𝑗

+ 𝜆𝜌(0) ∑
𝑘∈Ω

log(exp(𝑉 0
𝑖 ) + exp(𝑉 0

𝑘 ))]

Using Proposition 2, this yields a simpler ℎ function for the dispersion ℎ(𝑖, 𝑗) = 1 − 𝛽 +
𝛽𝜆𝜌(0)(1 − 𝜒0

𝑖𝑗). I denote by 𝜌(0) the uniform acceptance probability. Hence, ℎ depends only
on the rank of (𝑖, 𝑗). I now move to my identification strategy.

3 Estimation procedure
The estimation requires access to employer-employee data that contains at least a panel on
wages and contract types to filter for tenured employees. From there, it is possible to recover
values for 𝛼, 𝑣 and 𝑎 which fully describe the dispersion of utility and wages in the economy
according to my model. As in Sorkin (2018), I use the network of flows of workers across
firms to estimate their relative values.

The identification procedure combines estimation and calibration to recover jointly the
labour market parameters (𝜆, 𝜇) and the firm values 𝑣. It follows the following steps:

• Recover the individual 𝛼s (and 𝜓s) from an AKM-type wage decomposition

• Estimate ̂𝑣s from all flows of workers across firms by using Sorkin’s model or some
guess for 𝜌𝜇.

• Compute the parameters (�̂�, ̂𝜇)𝑛 implied by the location andmobility of 𝛼s across firms
and return to the previous step until parameters coincide.

Let me hint towards why I have to do the 2 last estimation steps repeatedly. 𝜆 and 𝜇
must be calibrated to match the mobility that I observe. Note that 𝜌 is the acceptance rate of
workers by firms which I cannot learn directly from raw mobility in the data because I don’t
observe all the offers. If good workers already are in good firms, they have less chances to
find a better firm and to switch firms. Hence the observed mobility for high types is biased
downward for estimating their acceptance rate. Therefore, I first need to know the extend of
the sorting of workers before estimating 𝜌, hence the iterative procedure.

Step 1: Wage decomposition

As result of the assumptions presented above, I can decompose the wage into a firm effect
and an individual effect. I take mymodel to be annual and estimate it on data spanning over
several years. In order to further interpret my 𝛼 as an individual ”productivity”, I enrich the
model with an 𝑋 vector of covariates that captures the job-specific component of wage. Thus,
I estimate the following FE model:

ln(𝑤𝑖𝑡) = 𝛼𝑖 + 𝜓𝐽(𝑖,𝑡) + 𝑋𝑖𝑡𝛽 + 𝜖𝑖𝑡

where 𝑖 is a worker, 𝐽(𝑖, 𝑡) indexes the firm of 𝑖 at period 𝑡, 𝑋 is a vector of covariates
that are worker-specific and 𝜖𝑖𝑡 is random noise conditional on firm and worker types. In the
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model I presented in the previous section, this last assumption holds. Also, since I assume
none of thematch effect is passed to thewage, there is no interaction termbetween theworker
and the firm. Covariates in 𝑋 are characteristics that are likely to covary significantly with
wages but not a lot across time, namely a function-layer11 indicator and a regional dummy.

One strength of my setting is that I restrict myself to the set of firms that are strongly
connected by worker flows, thus I have a lot of mobility to identify 𝜓s. This guarantees that
my estimates are insulated from the limited mobility bias. On the contrary, since my panel
is quite short to ensure stability of 𝜓 and 𝑎, my estimates of 𝛼s could be less precise. This
is somewhat handled by my parsimonious use of those individual workers estimates but
instead of percentiles and firm averages. Note that the identification of the AKM model
requires at least 2 periods and that all firms are connected by movers. Those conditions are
fulfilled here.

Step 2: Identifying values from flows

The second step is to estimate the revealed preferences of workers towards firms from bi-
lateral flows across firms. I build the matrix 𝑀 of flows for all firms in Ω where 𝑀𝑗𝑖 is the
number of workers going from 𝑖 to 𝑗 in my data. Using a first guess that flows of workers do
not depend on worker qualities, I use the samemodel as Sorkin (2018) and express expected
flows as:

E[𝑀𝑗𝑖] = 𝜆𝑓𝑔𝑖𝜌(0)𝑃 (𝑉 0
𝑗 ≻ 𝑉 0

𝑖 ) (1)
The expected flows are the product of the search probability, the meeting probability,

the size of the workforce in the poached firm and the probability that firm 𝑗 is preferred. I
use the notation 𝑥0 to denote the values estimated under the assumption that workers are
homogeneous. I rearrange (1) to express �̂�𝑗𝑖 = 𝑀𝑗𝑖/(𝜌(0)𝑔𝑖) and take the ratio of flows
between the 2 firms to get the expected relative flows:

E[�̂�𝑗𝑖]
E[�̂�𝑖𝑗]

=
𝑃(𝑉 0

𝑗 ≻ 𝑉 0
𝑖 )

𝑃 (𝑉 0
𝑖 ≻ 𝑉 0

𝑗 )

This formula intuitively expresses relative flows across firms as a function of the differ-
ence in firms expected values. Those probability have a convenient closed form thanks to my
assumption on the taste shock distribution: exp(𝑉 0

𝑖 )/(exp(𝑉 0
𝑖 ) + exp(𝑉 0

𝑗 )). Hence the ratio
of probabilities simplifies to:

E[�̂�𝑗𝑖]
E[�̂�𝑖𝑗]

=
exp(𝑉 0

𝑗 )
exp(𝑉 0

𝑖 )

Since those flows are taken from the data, there will most likely not be bilateral flows for
all firm couples. In order to maximize the information I use in estimating the value of 𝑖, I
incorporate the inflows from all other firms. I rearrange the previous expression and sum all
firms to get:

exp(𝑉 0
𝑖 ) ∑

𝑗
E[�̂�𝑗𝑖]

⏟⏟⏟⏟⏟
outflows

= ∑
𝑗

E[�̂�𝑖𝑗] exp(𝑉 0
𝑗 )

⏟⏟⏟⏟⏟⏟⏟⏟⏟
inflows

⇔ exp(𝑉 0
𝑖 ) = ∑

𝑗

E[�̂�𝑖𝑗]
∑𝑘 E[�̂�𝑘𝑖]⏟⏟⏟⏟⏟
relative flows

exp(𝑉 0
𝑗 ) (2)

11A function can be though of as broad task that is executed in the firm. Basically production, sales, logistics are functions
which can then be decomposed into hierarchical layers.
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This equality forms a recursive relationship between all firms expected values using ex-
pected flows. Bear in mind that 𝑀 is a random variable of dimension 𝐾 × 𝐾. To take equa-
tion (2) to the data, I use the realization of flows �̂�𝑖𝑗 and solve for the system exp(𝑉 0) =
𝑄 exp(𝑉 0) where exp(𝑉 0) is the stacked vector of values and 𝑄 is the matrix as defined by
the relative flows coefficients in equation (2). Sorkin (2018) proves that the vector of val-
ues can be estimated provided the network of firms is strongly connected by flows of workers.
Strong connectedness is a property of a directed network which implies that there exists
at least one path between all nodes in the network in both directions. In this application, it
means I need at least oneworker to enter and to leave each firm during the estimation period.

I can solve this system using a power method12. To obtain my flow values 𝑣0 from the
expected values 𝑉 0, I use Proposition 2 and compute the function ℎ that maps flow values to
expected values. I get, for all 𝑗, 𝑣0

𝑗 = Δ𝑉 0
𝑗𝑖/ℎ(𝑖, 𝑗) where 𝑣0

𝑖 = 0 can be used as a reference
firm13.

Step 3: Estimating differential hiring probabilities

As hinted previously, I need some idea of the firm values to calibrate properly 𝜆𝜌 (jointly). I
use the 𝑉 0 estimated previously as a starting point. However, since this step will be repeated
using 𝑉 𝛼

𝑖 s I use directly this notation. Let me formally express the model’s unconditional
probability that a given worker type 𝛼 moves away from their firm14:

𝑃(𝛼 moves) = ∑
𝑘

∑
𝑗

𝜆𝜌(𝛼)𝑓𝑃 (𝑉 𝛼
𝑗 ≻ 𝑉 𝛼

𝑘 )𝐻𝛼(𝑘)

Where 𝐻𝛼(𝑘) is the density of workers 𝛼 that are in firm 𝑘. From there, it is straightfor-
ward to isolate 𝜆𝜌(𝛼) and get:

𝜆𝜌(𝛼) = 𝑃(𝛼 moves)
𝑓 ∑𝑘 ∑𝑗 𝑃(𝑉 𝛼

𝑗 ≻ 𝑉 𝛼
𝑘 )𝐻𝛼(𝑘) (3)

The RHS of this equality only contains objects that I can compute from the data and with
the previous step results. As my estimation of 𝛼s might suffer from imprecision, I group
workers in 100 bins before computing the RHS of (3). Since I have 2 parameters in my speci-
fication of 𝜆𝜌, I need 2 moments to match. Remember the model formula for 𝜆𝜌(𝛼):

𝜆𝜌(𝛼) = 𝜆 exp(𝜇𝛼)
1 + exp(𝜇𝛼)

To match it with some moments �̂�, I run an OLS that gives me the mobility at 𝛼 = 0 with
the intercept �̂�0 and the linear slope �̂�1. I set �̂� = �̂�0 ∗ 2 (since 𝜌(0) = 1/2) and choose 𝜇 to
minimize the distance between the slope �̂�1 and 𝜌𝜇:

̂𝜇 = arg min𝜇 ∣ ∑
𝛼

�̂�(𝜌𝜇(𝛼) − 1/2) − �̂�1𝛼 ∣

As mentioned previously, the fit can be improved by using an other specification for 𝜆𝜌
but I keep this for simplicity and economic interpretation.

12Start with some guess 𝑉 and update it to 𝑄𝑉 until convergence.
13Indeed this method cannot recover the level of utility but only the dispersion across firms, provided I can measure the

taste shock and that utility indeed is log-additive
14Note that I cannot say which offers were turned down so I cannot use the destination firms. However, the probability

to leave one firm to anywhere else can be estimated by using the distribution of 𝑉 𝛼s.
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The intuition for this procedure is that taking the raw correlation between mobility and
worker types would miss the fact that good workers might already be in good firms. Their
raw mobility is therefore biased downward to estimate their acceptance rate. By correcting
for their position on the job ladder in (3) I am likely to estimate a steeper acceptance function
than the one observed from raw mobility15. Ex-ante, I cannot know where workers locate on
the job ladder so I have to update my guess for 𝜆𝜌 sequentially.

Step 2 (n): Identifying values from flows of heterogeneous workers

Armedwith estimates for individualworker qualities and a guess for the acceptance function,
I return to step 2 with heterogeneous workers. This step is repeated with different values for
(𝜆, 𝜇) which will change my estimates for 𝑣 until convergence. In practice only 2 guesses for
(𝜆, 𝜇) will be enough to obtain a satisfactorymatch between the acceptance function estimate
and the underlying values.

As before, I start by expressing the expected flows from 𝑖 to 𝑗:

E[𝑀𝑗𝑖] = 𝜆𝑓𝑔𝑖 ∫ 𝜌(𝛼)𝑃(𝑉 𝛼
𝑗 ≻ 𝑉 𝛼

𝑖 )𝑑𝐹𝑖(𝛼)

The expected flow of workers from 𝑖 to 𝑗 is now the probability that each worker in 𝑖: [1]
enters the market, [2] meets the firm 𝑗, [3] is effectively offered a job and [4] chooses to take it.
I take the expectation over the distribution 𝐹𝑖 of types working in firm 𝑖. Note that 𝐻𝛼 was
the distribution of type 𝛼 across firms whereas 𝐹𝑖 is the distribution of types within firm 𝑖.

As such, this equation is particularly hard to take to the data. Notice that the mobility
within the integral is specific to each type. Between 𝛼 differences in mobility depend both
on the differential acceptance rate and on the dispersion in firms expected values. Those 2
forces can push in opposite directions:

• 𝜕𝜌𝛼 > 0 the greater the quality of the worker, the highest her chances to get accepted
by the poacher.

• 𝜕𝑃𝛼 ≶ 0 for a given choice between 2 firms, conditional on being accepted, different
workers have different probabilities to move. Consider Δ𝑉 𝛼

𝑗𝑖 > 0. Then 𝜕𝑃𝛼 < 0, the
greater (smaller) the quality of the worker, the smaller (greater) will be the difference
in firm values Δ𝑉 𝛼

𝑖𝑗 . This smaller difference pushes ”good” workers to move less of-
ten than ”bad” workers even for slight differences in 𝑣 - their expected utility is more
”compressed”. This is because good workers can expect an other match sooner than
bad workers. Conversely, with Δ𝑉 𝛼

𝑗𝑖 < 0, good workers go more often to the lower
expected utility firm than bad workers: 𝜕𝑃𝛼 > 0.

I provide a graphical illustration in Appendix Figure 5. It shows that the second force is
quite limited compared to the acceptance rate difference.

When considering firm 𝑖 out-mobility, I integrate over the distribution of its workforce
types. If firm 𝑖 has very unproductive workers, it will actually have less expected outflows
than firms that have a higher workforce quality. Therefore, observing a lot of outflows of bad
workers is a worst signal of firm quality than seeing a lot of good workers leave it because

15The denominator is quite complicated to estimate for all 𝛼 but much faster when using a partition of the 𝛼s space (by
binning).
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good workers are more attractive to all firms. It is precisely to tackle the workforce composi-
tion heterogeneity that I designed this heterogeneity-robust estimator.

If I had enough data, I could estimate all 𝑉 𝛼
𝑗 within each 𝛼 or for grouped 𝛼s. However,

with amobility rate of around 3% per yearwithinmy set of firms, the estimationwould suffer
from the very limited connectedness of firms through flows of similar 𝛼 workers.

From this limitation, I propose to evaluate the function 𝜌(𝛼)𝑃 (𝑉 𝛼
𝑗 ≻ 𝑉 𝛼

𝑖 ) for the average
type in the sending firm as a proxy for the integral over the distribution 𝐹𝑖. The next propo-
sition states formally my approximation strategy.

Proposition 3: Within a certain parameters region or when 𝛼s are not too dispersed within firms
we can use:

∫ 𝜌(𝛼)𝑃(𝑉 𝛼
𝑗 ≻ 𝑉 𝛼

𝑖 )𝑑𝐹𝑖(𝛼) ≈ 𝜌(𝛼𝑖)𝑃 (𝑉 𝛼𝑖
𝑗 ≻ 𝑉 𝛼𝑖

𝑖 )

with 𝛼𝑖 = ∫ 𝛼 𝑑𝐹𝑖(𝛼)

Numerical evidence: see Appendix A.

Proposition 3 states that I can approximate the average moving rate between 2 firms by its
of the average type of the poached firm. In practice, this approximation reduces substantially
the nonlinearities present in the model but I gain significantly in tractability and statistical
power. Since the integrated function is convex for low regions of the 𝛼 space and concave
at the top, evaluating it at the average point will either decrease the moving probability or
increase it respectively. Hence, this approximation potentially exacerbates the effect of types
on mobility. I illustrate these patterns more precisely in the Appendix A.

Thanks to Proposition 3, I use the flows matrix 𝑀 as before and express relative flows be-
tween firms 𝑖 and 𝑗 as:

E[𝑀𝑗𝑖]
E[𝑀𝑖𝑗]

= 𝑔𝑖 𝜌(𝛼𝑖)
𝑔𝑗 𝜌(𝛼𝑗)

×
𝑃(𝑉 𝛼𝑖

𝑗 ≻ 𝑉 𝛼𝑖
𝑖 )

𝑃 (𝑉 𝛼𝑗
𝑖 ≻ 𝑉 𝛼𝑗

𝑗 )
I rewrite the flows matrix by its quality-weighted equivalent �̃�𝑗𝑖 = 𝑀𝑗𝑖/(𝑔𝑖 𝜌(𝛼𝑖)). I

further express the probabilities and use Proposition 2 to make explicit the dispersion of 𝑣s
and how it depends on 𝛼:

E[�̃�𝑗𝑖]
E[�̃�𝑖𝑗]

= exp(Δ𝑣𝑗𝑖/ℎ(𝛼𝑖, 𝑖, 𝑗)))
1 + exp(Δ𝑣𝑗𝑖/ℎ(𝛼𝑖, 𝑖, 𝑗)) × 1 + exp(Δ𝑣𝑖𝑗/ℎ(𝛼𝑗, 𝑖, 𝑗))

exp(Δ𝑣𝑖𝑗/ℎ(𝛼𝑗, 𝑖, 𝑗))

E[�̃�𝑗𝑖]
E[�̃�𝑖𝑗]

= exp(𝑣𝑗/ℎ(𝛼𝑖, 𝑖, 𝑗)))
exp(𝑣𝑖/ℎ(𝛼𝑗, 𝑖, 𝑗)) × exp(𝑣𝑖/ℎ(𝛼𝑗, 𝑖, 𝑗)) + exp(𝑣𝑗/ℎ(𝛼𝑗, 𝑖, 𝑗))

exp(𝑣𝑗/ℎ(𝛼𝑖, 𝑖, 𝑗)) + exp(𝑣𝑖/ℎ(𝛼𝑖, 𝑖, 𝑗)) (4)

I write ℎ̃𝑖𝑗 = ℎ(𝛼𝑖, 𝑖, 𝑗) for notational convenience. What I am after are the values 𝑣 that
best match the data.

Assume for a minute that the last ratio in the product to the RHS - let’s call it 𝜅𝑗𝑖 - of the
previous equation is equal to 1. In this case, the equation reduces to (close to the homoge-
neous workers case):

E[�̃�𝑗𝑖]
E[�̃�𝑖𝑗]

= exp(𝑣𝑗/ℎ̃𝑖𝑗)
exp(𝑣𝑖/ℎ̃𝑗𝑖)
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Then I use the observed flows as a realization of the expected flows to solve for 𝑣. I rear-
range the previous equation and take the exponent to get:

exp(𝑣𝑖)�̃�
ℎ̃𝑗𝑖
𝑗𝑖 = �̃� ℎ̃𝑗𝑖

𝑖𝑗 exp(𝑣𝑗
ℎ̃𝑗𝑖

ℎ̃𝑖𝑗
)

As in the homogeneous case, I do not observe flows for all pairs of firms. Therefore, to
make use of all of the data, I build an estimating equation like equation (2) linking all inflows
from and outflows to firm 𝑖 by summing over all 𝑗s and then dividing by the outflows:

exp(𝑣𝑖) = ∑
𝑗

inflows
⏞̃
𝑀 ℎ̃𝑗𝑖

𝑖𝑗

∑𝑘 �̃� ℎ̃𝑘𝑖
𝑘𝑖⏟⏟⏟⏟⏟

outflows

× exp(𝑣𝑗
ℎ̃𝑗𝑖

ℎ̃𝑖𝑗
) (5)

This corresponds to a system of 𝑁 non-linear equations in exp(𝑣𝑖). I stack values in the
vector exp(𝑣) and call ℎ the matrix of ℎ̃𝑗𝑖/ℎ̃𝑖𝑗s. Using an iteration algorithm, I solve for the
vector exp(𝑣) that satisfies exp(𝑣) = �̃� exp(𝑣ℎ) with �̃� the matrix of relative flows as in (5).

Now, of course, the ratio 𝜅𝑗𝑖 to the right of equation (4) is not 1. Actually, it is the part that
governs some of the dispersion-in-values effect. Hence, I solve for it by assuming it is 1 and by
updating it iteratively until all the objects in the equation have converged. In practice, since
ℎ̃ and 𝜅𝑖𝑗 are big matrices (𝐾 × 𝐾), I try to compute them as little as possible. Still, note that
the matrix 𝑀 is very sparse. In my case, only around 0.4% of the values are non-zero. Hence
iterating many times is not so much of an issue compared to computing ℎ̃ which requires to
compute the option value in all firms (𝜒). Still, thanks to the sparsity of mymatrices and the
closed form of the option value, this is pretty fast. To make the convergence smooth, I use 3
loops to make 𝑣, ℎ̃ and 𝜅 converge together.16

Including 𝜅 yields the following equation I am after:

exp(𝑣𝑖) = ∑
𝑗

�̃� ℎ̃𝑗𝑖
𝑖𝑗

∑𝑘 �̃� ℎ̃𝑘𝑖
𝑘𝑖

× exp(𝑣𝑗
ℎ̃𝑗𝑖

ℎ̃𝑖𝑗
) × 𝜅ℎ̃𝑗𝑖

𝑗𝑖 (6)

Decomposing the role of the 2 forces I identified previously is not that easy anymore since
many terms appear in this equation. The first term corrects for flows of asymmetric worker
qualities while the last for the different likelihood of workers tomove. The reweighting factor
in the exponential function corrects for heterogeneous values dispersion between the work-
ers in the two firms.

This procedure is at the core of the estimation. It links the moments (�̃�) to the funda-
mentals of the economy (𝑣). Note that this model is highly over-parametrized since I have
potentially 𝐾 × 𝐾 flows to identify only 𝐾 firm values. In addition, a small number of mov-
ing workers will only provide very noisy estimates. Sorkin bootstraps the estimation by sam-
pling workers without replacement. With his standard errors, he then shrinks his estimates

16I do not show that this method delivers a unique solution nor converges. However, my implementation systematically
converges to similar solutions for random starting points, which lends confidence in the method.
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by correcting for the number of observations for each firm. I do not use this procedure be-
cause I keep only a very strongly connected set of firms that guarantees me not too dispersed
estimates. However, I still bootstrap the estimation to get standard errors.

In Appendix B, I provide further information on standard errors as computed with the
bootstrap and confidence sets for my ranking as proposed inMogstad et al. (2020). I also per-
form robustness checks by using different samples. They show that my estimates are noisy
but do not seem to overestimate the dispersion in utility. Also, my results are qualitatively
and quantitatively similar across tests.

Finally, note that Proposition 3 is not necessary for estimation. I could instead build the
same estimation strategy for individual moves and the associated worker quality by sum-
ming over all individual flows. This would capture more precisely the non-linearities in the
decision probabilities. However, the estimation of 𝛼s is potentially quite noisy (particularly
using a 5 years sample as I do) so using the average worker quality at a firm gives more
confidence in my estimates. In addition, handling each move individually would make the
estimation quite heavy which reduces the computational advantage of my method. Explor-
ing this more granular estimation and ways to improve it is kept for future work.

Convergence of parameters and measuring values

The objective of my estimation is to find 𝑣 and (𝜆, 𝜇) that correspond to the vector of worker-
qualities {𝛼𝑖}, flows of workers 𝑀 and percentiles of mobility rates. Therefore, I use quite a
lot of the data available. This is necessary since I want to recover very granular estimates at
the firm level {𝜓𝑖, 𝛼, 𝑣𝑖}. My functional form assumptions grant me an unrestricted estima-
tion for their distribution.

Bear in mind that I implicitly normalized the estimation by using an EV1 specification for
the taste shock. Recall that there was absolutely no wage information - apart from the 𝜌(𝛼)
function that maps types to acceptance probability - used in the estimation of 𝑣s. As a result,
my estimates of flow values 𝑣 have some unknown scale. Actually, this scale corresponds to
taste shock units since I normalized the estimation by using 𝜈 = 1. To see this, remember
that I set the following worker maximization choice:

max{𝑉 𝛼
𝑖 + 𝜖, 𝑉 𝛼

𝑗 + 𝜖′} ⇔ max{ ̃𝑉 𝛼
𝑖 + 𝜈𝜖, ̃𝑉 𝛼

𝑗 + 𝜈𝜖′}
Now consider a conversion from expected utility to taste shock units given by the param-

eter 𝜈 such that 𝑉 𝛼
𝑖 = ̃𝑉 𝛼

𝑖 /𝜈 with ̃𝑉 𝛼
𝑖 in log euro. In the RHS expression above, I just scaled

the expected value by 𝜈 which converts both the expected values and the taste shock from
taste shock units to the log euro scale (which measures utility by assumption). Hence I also
need to identify the scale parameter 𝜈 from the data.

Basically, what the estimation process presented above does is to recover 𝑉 𝛼
𝑖 = ̃𝑉 𝛼

𝑖 /𝜈. I
can map it into flow utility using Proposition 2: Δ𝑉 𝛼

𝑖𝑗 × ℎ(𝛼, 𝑖, 𝑗) = Δ𝑣𝑖𝑗 = Δ ̃𝑣𝑖𝑗/𝜈. Since
the flow values estimation does not use wage information, it is quite natural that it has a
scale that depends on how I parametrized the taste shock. This is key to measure well the
dispersion of utility.

In order to measure the ”scale” of the utility shock in log euro, I compare my estimated
Δ𝑣 with the measurable log euro scale of workers job switches. Hence the link between my
taste shock unit estimate and the utility changes in log euro is:

Δ𝑣𝑖𝑗 = Δ ̃𝑣𝑖𝑗/𝜈 = 1/𝜈 × (Δ𝜓𝑖𝑗 + Δ𝑎𝑖𝑗)
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Identifying 1/𝜈 is particularly tricky here because moves result from choices (Roymodel)
and some unknown underlying distribution for (𝜓, 𝑎). I present next the logic of my strategy
to identify 1/𝜈.

I decompose the amenity into a component that is correlatedwith𝜓 and a part orthogonal:
𝑎 = 𝛽𝜓 + ̂𝑎. If 𝛽 < 0, firms paying higher wage premia have worse amenities, consistent
with the CDs hypothesis. If I was to make some OLS regression of 𝑣 on 𝜓. I would obtain a
coefficient that corresponds to 1+𝛽

𝜈 due to the fact that I omit 𝑎 from the regression and that
𝜓 and 𝑎 are correlated. This basically means that I cannot identify the scale of the taste shock
without knowing first the correlation of wage premia and amenities - which is what I am
looking for.

Of course this bias would also contaminate a regression of Δ𝑣 on Δ𝜓 because some job
switches necessarily depend on unobservable amenities that are somewhat correlated to firm
premia. In order to partial-out this effect, I make the assumption that workers that choose
firms from unemployment do not factor in amenities in their choice. Hence, they only choose
according to Δ𝜓 and amenities are orthogonal to their utility choice. The logic is that they
might be more financially constrained than Employer-to-Employer (EE) movers and there-
fore only consider wage differences instead of total compensation. Even if this does not per-
fectly removes the underlying correlation between amenities and wage premia, it gives me
the direction of the bias (whether there are CDs or not). I document my results in the next
section.

As a final step, I use the estimates ̂𝑣 to get the overall dispersion of utility in the economy.
These values only matter for their dispersion, hence I normalize them to have a mean 0. I
also get the worker-specific values by adding the average worker productivity log euro wage
premium: ̂𝑣𝑖(𝛼𝑖) = ̂𝑣𝑖 + (1 − 𝜇)𝛼𝑖. I only stick to firm-level differences and not individual
worker utility because my estimates are not necessarily very precise. Of course, I recover the
amenity by removing the wage component from the flow values: 𝑎𝑖 = 𝑣𝑖 − 𝜓𝑖.

4 Data preparation
I take my model to the French data. I use the Déclaration Anuelle des Données Sociales
(DADS) which records all employee-employer relationships each year. The main drawback
of this dataset is that it is a repeated cross-section. However, since each file contains detailed
information on both year 𝑛 and 𝑛 − 1, it is possible to statistically rebuild the panel version
of the dataset. I use Babet et al. (2023) algorithm to do so. This is quite precise in identifying
individuals across years17, therefore I take it as my raw data. This first step is quite important
because having a panel is essential to estimate an AKM and therefore the 𝛼s.

I restrict my analysis to the period 2010-2015 since I have the best result for the match-
ing algorithm over this period. I estimate my model at an annual frequency. The model
is actually quite agnostic about the timing of transitions and could be interpreted as intra-
period. However, to estimate the AKM, I need several observations per-worker. I therefore
build an annual dataset with one observation per worker per year. In particular, I select each
year the main contract of each worker following the Institut National de la Statistique et des
Études Économiques (INSEE)methodology18. I convert wages in annual wages by using the

17I can identify individuals across years for 97.5-99.3% of workers present both years over the period 2010-2015.
18Among the contracts that are economically significant, the main contract within the year is the one that payed the

highest net wage to the worker. Economically significant employment contracts need to satisfy the 2 following conditions:
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Entire Data IdF & Restr. SCS
Observations 63,144,760 10,495,729 4,461,965
Mean wages 9.95 10.30 10.42
Var wages 0.28 0.30 0.32

Skew. wages 0.57 1.02 0.90
Workers 17,593,656 3,176,716 1,383,889

Mean Apparition 3.6 3.3 3.2
Mean empl Dur. 2.7 2.8 3.0

Mean age 39.2 40,5 40.9
Firms 1,189,584 227,556 3,147

Mean Size 15.0 13,7 283.8
10𝑡ℎ perc. size 19 17 540
1𝑠𝑡 perc. size 166 178 2,524
Transitions 9,200,736 825,673 139,304
Mean rate 14.6% 7.87% 3.12%
Share of EE 38.2% 62.2% 68.4%

EE transitions 3,522,209 513,549 95,222

TABLE 1: Statistics on data sample

number of days worked.
I further reduce the dataset to only keep the Ile-de-France (IdF) région which contains

Paris and neighbouring areas. This densely populated region will presumably provide more
mobility and more connected firms. I filter for individuals aged between 20 and 63 years
old and to keep only employees in private firms (entity code starting by 5). I also remove
some sectors that are very unattractive to workers such as interim19. Regarding tenure, I only
keep individuals that are in a Contrat à Durée Indéterminée (CDI) during year 𝑛. I filter for
individuals that have an annualized log-wage of at least 8.5 which is already far below the
legal minimum. Finally, I only keep full-time contracts because I want the most stable set of
employment contracts.

The period I select covers 5 years and includes all transitions during this period. I drop
individuals that get out of a full-time contract or to unemployment. As a result, my panel is
unbalanced at the worker level because workers disappear if they don’t fulfill all the condi-
tions I mentioned. This can be a concern for the AKM estimation but is secondary because
I mostly care about having a stable set of firms with enough endogenous job-to-job mobility.
In the end, I obtain an average of 3.3 observations per worker which is low but quite expected
given the number of filters I apply to the dataset.

In terms of covariates, I have a lot of options with the DADS. My interest is to keep vari-
ables that do not evolve too much across time at the individual level but are strong determi-
nants of the wage. This is because my model doesn’t speak to promotions or human capital.
In particular, I am interested into cleaning the time, occupation and geographic premia from

last for more than 30 days AND 120 hours AND have the ration number of hours / number of days greater than 1.5 OR
having paid more than 3 times the minimum wage within the year.

19Precisely, I remove NACE A88 codes 01, 02, 03, 78, 87 and 88. Those sectors are sharp outliers in the estimation, with
a very low amenity.
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the wage. I build a specific dummy for occupation which is the intersection of a function
and a hierarchical level. A function is a task that is performed in the firm. It is associated to
several occupational categories at all hierarchical levels. This mapping is produced by IN-
SEE20 so I take it as such. There are a total of 14 functions and 3 layers that I interact together.
Examples of functions are logistics, management, transportation or intellectual services.

For the geography, I control for the Départements which is the sub-unit below the région.
There are 8 départements in IdF which are very heterogeneous in terms of economic oppor-
tunities. Finally, I include year fixed effects which also control for the macroeconomic envi-
ronment. I purposefully do not include age and sex in the regression because I prefer them
to be captured by the 𝛼s. This specification is meant to obtain individual fixed-effects that
capture most closely within-occupation productive differences. For example, those could be
driven by age through experience.

My set of firms is of primary importance. For the second estimation step, I need that firms
are strongly connected by flows of workers, e.g. that at least one worker enters and leaves each
firm. I go further by only keeping firms that have at least 5 workers entering and leaving21.
Also, I only keep firms that have at least 30 employees at each period and hence appear the
entire period. I filter in a loop to insure that all those conditions are satisfied in my final
sample and to maintain the strongly connected set.

My final sample of firms is described by Table 1. I provide summary statistics for the raw
dataset after applying the panelization alogorithm (Babet et al. 2023) in column 1, after the
first filter in column 2 and for the final sample when restricted to the Strongly Connected Set
(SCS) of firms in column 3. My final sample contains 1.4 million workers and 3, 147 firms.
The wages are much higher than in the full sample because the IdF is the richest region of
France. They are also higher than in the sample resulting from the first filter because bigger
firms on average pay higher. Workers tend to be slightly older in the final sample compared
to the rest of the data. This is certainly due to my selection of tenured contracts.

My final sample of firms is quite small compared to the total number of firms that appear
in the DADS. However, they are in the same order of magnitude as INSEE statistics22 for the
firm size distribution even if my analysis is restricted to IdF. The average firm size is 284, the
10𝑡ℎ percentile is 540 and the first percentile is 2, 524. However, these firm sizes only record
employees working in IdF and therefore underestimate the actual size of firms. Note in pass-
ing that the selection of the IdF regionwill bias the composition of firmworkforces compared
to the rest of the French economy. This is important to keep in mindwhen comparing sectors
since firms are attached to a sector but not necessarily employ workers in (say) factories in
the IdF.

Mobility is central to my model. I define an Employer-to-Nonemployment-to-Employer
(ENE) transition as a transition during which the worker has no employment contract for
more than 30 days between the main contract of year 𝑛 − 1 and the main contract of year
𝑛. All other transitions are recorded as Employer-to-Employer (EE) transitions, namely, job
changes that do not seem to present involuntary unemployment - defined as more than 30
days without a job. Again, bear in mind that I only use transitions across tenured jobs which
are potentially rarer than overall transitions. Indeed, Table 1 shows that going from the raw
data to only CDI reduces the transition rate from 15% to 8%. Again, I lose half of my transi-
tions by moving to the more restricted set of firms, most likely because workers entering or

20See here
21Lehmann (2023) keeps firms that have a total of 5 moves so I am even more conservative
22For comparison, according to the INSEE, in 2015, there was 287 firms of more than 5, 000 employees and 5, 753 firms

of between 250 and 4, 999 employees.
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FIGURE 1: Distribution of 𝛼 and ̄𝛼

leaving a firm in the SCS are very likely to go in one of the 1, 186, 437 French firms not in the
SCS considered here. Still, I can count on the 95, 222 EE transitions in the final sample to con-
tain valuable information to discover worker preferences. Note that out of all the transitions
I observe in the sample, only 68% are EE transitions that I can use for the estimation.

5 Results
This section presents my results. I first detail the results from the AKM estimation on which
the rest of the analysis depends. Second, I discuss the result of the calibration of (𝜈, 𝜆, 𝜇), the
underlyingmobility parameters. Third, I dig into the estimated dispersion in flowvalues and
identify the amenity. I leave to Appendix B the analysis of robustness checks and standard
errors.

AKM decompostion

The results of the TWFE estimation are given by Table 2. I provide 2 common decompo-
sitions for the wage variance. I find that individual effects drive 90% of the dispersion in
wages. In comparison, firm effects explain 5% of the variance and this effect is reduced to 2%
when removing the covariance with individual effects. Indeed, the correlation of firm and
person effects is 0.40 (see Table 12). These results are in line with the rest of the literature.
Bonhomme et al. (2023) find that firm effects are in general below 10% when estimated with
sufficiently many movers and that the contribution of sorting lies between 10% and 20% in
several developed economies. Compared to Babet et al. (2023) who estimate an AKM on the
DADS, my results show a lesser contribution of sorting but this might either be due to my
sample restriction to IdF or their leave-one-out bias correction (Kline et al. 2020).

In addition, I document in Table 3 the share of variance that is due to within versus be-
tween firm differences. I find that half of the variance comes from within the firm, driven
by heterogeneous individuals working in the same firm. The other half comes from between
firm differences in productivity and sorting. I also report the variance of 𝛼 for the same
within-between decomposition. Indeed, most of the within firms variance comes from indi-
viduals, resonating with findings from Song et al. (2019). Additionally, I present in Figure
1 the distribution of the individual effects and of the firms average individual effects since
they are a critical input to the estimation. Even if most of the variance in 𝛼 comes fromwithin
firms, a significant portion reflects the fact that different workers work in different firms. In-
dividual effects have a fat right tail and the firm averages distribution seems to be bimodal.
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FE decomp. Full decomp.
𝜓 4.8% 1.9%
𝛼 90% 87.3%

𝑋𝛽 0.8% 0.4%
2 cov(𝛼,𝜓) - 6.0%
2 cov(𝑋𝛽,𝛼) - −0.7%
2 cov(𝑋𝛽,𝜓) - 0.0%

𝑅2 0.96 0.96

TABLE 2: AKM decomposition

Within Between
log 𝑤 0.17 0.16

𝛼 0.14 0.14

TABLE 3: Variance decomposition

Labour market fundamentals

I nowpresent anddiscussmy estimatedmobility parameters and their interpretation through
the lens of the model.

In table 4, I report the results fromanOLS regression of the individualmobility rate on the
𝛼 types. All coefficients in Table 4 are significant at all confidence levels. As explained before,
I reduce the dimensionality by binning types in 100 bins. The resulting coefficients are given
by the first column. I find that the coefficient �̂�1 of the slope of the observedmobility is 0.008.
After recalibrating my observed probability to estimate 𝜆𝜌(𝛼) instead of 𝑃(𝛼 move), I find a
higher slope of 0.038. Therefore higher types display less mobility because they already are
in good firms. As hinted before, this means that the rawmobility is biased for the acceptance
rate of the highest types. I obtain values of �̂� = 0.09 and ̂𝜇 = 1.62.

As can be seen in Figure 2, the fit I obtain does not capture all the non-linearities but
performs relatively well. In this figure, the purple dots represent the raw mobility rate as a
function of types. The acceptance rate is much steeper when dividing mobility rates by the
probability that workers accept offers conditional on their location (in red). The estimated
value for 𝜇 doesn’t have a particular quantitative interpretation in the model. Its scale is the
one of the profit shock and is relative to the distribution of 𝛼s. It could potentially be ratio-
nalised with a more complete model of firm surplus sharing which is not the focus here.

The last parameter is the variance of the taste shock 𝜈 that will also allow to convert 𝑣 in

P(𝛼 move) 𝜌(𝛼)
�̂�0 0.021 0.048
�̂�1 0.008 0.038
𝜆 - 0.096
𝜇 - 1.62

TABLE 4: Mobility regression
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FIGURE 2: Mobility rates as a function of worker types 𝛼 and estimated 𝜌(𝛼)

log euro (utility). Recall the formula 𝑣 = ̃𝑣/𝜈. To identify it, I compute the Δ𝑣𝑖𝑗 from realized
transitions in the data with the difference in firm premia Δ𝜓 associated. I perform an OLS
regression of both Δ𝑣0 and Δ𝑣 on Δ𝜓 for the sample of ENE movers and obtain coefficients
for 1/𝜈 given in Table 11 in the Appendix. My preferred estimates of 1/𝜈 are 7.1 and 6.6 for
the heterogeneous and homogeneous workers models respectively. As explained above, I
expect to partial out some of the underlying correlation between 𝜓 and 𝑎 by using the subset
of moves through unemployment. I discuss this approach more in detail in the Appendix
B. In addition, I show there how my results are affected by this assumption by varying the
underlying unobserved residual correlation between 𝑣 and 𝑎.

Remember that the taste shock enters in the expected value choice such that it cannot
be compared directly with the flow utility 𝑣. The right formulation in flow utility terms
corresponds to the following maximizing choice where 𝜀 = 𝜖 − 𝜖′ is logistic (0, 1)23 and Δ𝑣
is in log euro:

max{ 𝜈ℎ(𝛼, 𝑖, 𝑗)𝜀⏟⏟⏟⏟⏟
net taste shock

, Δ𝑣𝑖𝑗⏟
diff. in

flow values

}

The ℎ function translates flow utility to expected utility and 𝜈 converts the taste shock
”units” in log euros. ℎ accounts for the differential dispersion of utility depending on the
type of worker and on their location in the job-ladder.

I show in Figure 7 in the Appendix the dispersion of 𝑣s and the distribution of the taste
shock in log euro for a low-𝛼 and a high-𝛼 individuals located at the bottom of the ladder.
It suggests that the variance of the taste shock is much lower than the overall dispersion in
values betweenfirms. Hence, even though idiosyncratic preferences are a strongdeterminant
of workers choices, my estimation finds that they explain little of the choice of workers as
compared to the firms-utility-ladder. However, a homogeneous workers model finds that
more of the dispersion is explained by idiosyncratic tastes (see LHS of Figure 7).

To illustrate this result, consider the following example. Being offered a 2% annual wage
increase keeping amenities constant, a worker of average productivitywould accept this offer
with probability 78%. This number can go up to 80% when considering a low productivity
worker - that cannot expect many other offers in the future - and down to 77% for a high
productivity worker. Even though low-productivity workers are more sensitive to utility dif-

23The difference of 2 EV1 shocks is distributed logistic (0,1)
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All EE 𝛼 > ̄𝛼 𝛼 < ̄𝛼 All
𝑃 (Δ𝑤 > 0) 0.57 0.57 0.58 0.55
𝑃(Δ𝜓 > 0) 0.58 0.59 0.56 0.56
𝑃(Δ𝑣0 > 0) 0.66 0.66 0.66 0.64
𝑃(Δ𝑣 > 0) 0.62 0.64 0.60 0.60
𝑃(Δ ̄𝛼 > 0) 0.54 - - 0.54

𝑃(Δ𝑠𝑖𝑧𝑒 > 0) 0.58 - - 0.56
Moves 95,222 56,675 38,547 139,304

TABLE 5: Probability of wage/utility increase upon move

ferences than high productivity workers, this difference in choosing rates is low.

Inwhat follows, I convert 𝑣 in log euros and discuss the dispersion of utility and amenities
across the economy.

Dispersion in utility and amenities

As a first step, I provide evidence that my estimates contain valuable information by compar-
ing them to observables. I then move to the complete analysis of the job ladder and distribu-
tion of rents and amenities in the economy.

My first comparison is to validate my model by documenting the likelihood that people
move to a higher utility firm upon moving. This is reported in Table 5. First, I find that the
probability of having a wage increase upon making an EEmove is 57%. This is puzzling that
so many job-to-job transitions are to jobs with lower pay. This is the starting point in Sorkin
(2018). It potentially hints towards the fact that something unobservable to the econome-
trician is driving EE transitions, whether it is 𝜖 or 𝑎 is an open question. In the second line,
I report the probability to move to a higher wage premium firm. It is quite similar if not
slightly higher.

When looking at the probability tomove to a firm that provides a higher flow value, I find
a significantly higher probability which lends credit to the model. For values estimated with
homogeneous workers this probability is 66% whereas it is 62% with heterogeneous workers.
These are in the range of probabilities estimated by Sorkin. Appendix Figure 11 shows the
probability to move to a higher-value firm and the probability to have a wage increase as a
function of the firm FE increase Δ𝜓 upon moving. It shows that the probability to move to a
higher-utility firm is systematically higher even for moves towards firms that pay less. I also
report in Table 5 the probability to move to a higher firm and the probability to move to a
firm that has a higher average type for comparison.

In addition, I decompose those probabilities for types that are above and below the av-
erage type (normalized to 0). In my model, different types have different probabilities to
get accepted, but this probability is independent of the firm quality. The only interaction
between firm values and worker types comes from the dispersion in values effect, namely that
low types aremore likely to choose tomove up because their utility is more dispersed. There-
fore the likelihood for a low type to move to a higher utility firm should actually be higher
than for high types. This is not what can be seen in Table 5 where high types are 4 percentage
points more likely to move to a higher value firm conditional on moving. This could come
from several potential sources. One is that there might be complementarities in firms and
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FIGURE 3: Firm average rents and amenities at the sector level (LHS) and by départe-
ment (RHS)

workers that make the high value firms more likely to hire good workers. An other could
be that preferences are non-homothetic24, namely that lower types have a lower WTP for
amenities and therefore prefer moving towards higher paying firms than higher compensa-
tion firms. This is hinted by the slightly higher probability of getting a wage increase for low
types compared to high types.

Finally, I also include the same statistics for all transitions, including ENE. Intuitively, the
probabilities to get a wage or value increase are lower.

Second, I compare my estimates of 𝑎 and 𝜓 to observables. The first test is to aggregate
them at the sector level. I present the employment-weighted values for a subset of 12 sectors
classified by the INSEE, for which the correspondence is given in Appendix Table 16. This is
shown in Figure 3, left panel. First, note that amenities and wage premia across sectors are
positively correlated. This somewhat contradicts the CDs theory of inter-sectoral differences
and lends credit to a vertical ladder than spans across sectors. This could also be due to high
costs of moving across sectors - inducing more utility dispersion. To prove that my ranking
of sectors makes intuitive sense, I quickly compare sectors. In the top right corner, one can
find finance (KZ), a high-amenity high-paying sector, and in the bottom left catering and
hospitality (IZ) and public administration and health (OQ), tight sectors where employers
struggle to hire workers. Notice that manufacturing (C) is quite high in both measures. This
could be quite surprising, but keep in mind that I consider IdF activities which are most
likely to deliver more amenities than expected in the Manufacturing sector more broadly.
Also, bear in mind that that this classification hides very heterogeneous sectors, see detail in
Table 14.

The right panel of Figure 3 shows the same aggregation at the Départements level. Paris
(75) and Hauts-de-Seine (92) appear with quite high-pay and high-amenity which corre-
sponds indeed to the reality of these economically privileged Départements compared to
the others.

I also compute howmuch of those dimensions explain the total variation in pay premium
and amenity in Table 6. Quite surprisingly, even with this coarse classification, a quarter of
amenities and wage premia is explained by sectors and Départements respectively. I also
use a more granular version of my sectors classification that comprises 68 sectors present in
IdF. Reassuringly, I find a strong explanatory power of this grouping for the amenity which

24Maestas et al. (2023) and Sockin (2021) find such income-varying preferences for amenities
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𝜓 𝑎
Sectors aggregated 10.7% 25.2%

Départements 26.5% 11.5%
Sectors detailed 27.9% 45.0%

Cities 19.1% 24.8%

TABLE 6: Productivity and amenities with observables

means 𝑎 captures well the heterogeneity in the non-wage component of sectors. On the con-
trary, 𝜓s are less explained by this classification - else it is well captured by 𝑋𝛽. This would
suggest that there is a lot of within-sector heterogeneity in pay across firms. I provide for
illustration in Appendix Table 14 the full ranking of the 57 sectors that contain enough firms
to not be identified. It includes both 𝑣 and 𝑣0 ranks to compare their performance. I also test
the more granular city level classification and find that it has more explanatory power for 𝑎
than Départements whereas it performs worse for 𝜓. Unfortunately, this classification is less
precise because several establishments in a firm can span across cities. Here, I select the city
that employs most workers and lose some firms in the process.

Contrary to Sorkin (2018) who uses the LEHD US data, I have access to declared worked
hours. This allows me to control whether my individual estimates are driven by differen-
tial working times. Since I use annual log wages, my estimates of firm premia contain some
worked hours heterogeneity and the amenity potentially captures the satisfaction regarding
the number of hours worked. I test for this by regressing my 𝜓 and 𝑎 on the average weekly
hours at the firm level. Average hours correlate positivelywith both variableswhich suggests
that hours tend to signal a higher-paying firm but also a firm that provides more amenities.
I also run the same regression with a quadratic term and find that the positive effect is only
concentrated for firms that do most hours. Also, the correlation between 𝜓 and 𝑎 is unaf-
fected by correcting for weekly hours. See the results for this check in Appendix Table 13.

With confidence in the meaningfulness of my estimates, I provide in Table 7 decompo-
sitions for the entire estimated dispersion of utility in the economy. Remember that I can
make statements about the dispersion of utility because I converted 𝑣 in log euro and there-
fore identify 𝑎 as the difference between 𝑣 and 𝜓. Measurement errors in the estimates of 𝑣
would lead to a higher role for amenities in the utility dispersion. Again, since I restricted
myself to the well-connected set, 𝑣 is relatively well-identified. In the first decomposition
(columns 1-2), I do not include the effect of sorting across firms. This leads to the following
decomposition:

Var(𝑣) = Var(𝜓) + Var(𝑎) + 2 × Covar(𝜓, 𝑎)
I find that most of the dispersion comes from unobserved amenities. They contribute 75%
to the dispersion of utility as compared to 12% from wage premia. Contrary to the theory
of CDs which would imply that the correlation between log euro amenities and log wages
is negative, I find a positive correlation between the 2 of 0.21 that contributes a further 12%
to overall between firms inequality. For completeness, in Appendix Table 12, I provide the
complete correlationmatrix for all my estimates. In columns 3-4 of Table 7, I include the effect
of sorting on the between firms utility dispersion by using the following decomposition:

Var(𝑣 + ̄𝛼) = Var(𝜓) + Var(𝑎) + ×Var(𝑣)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
Var(𝑣)

+Var( ̄𝛼) + 2 × Covar(𝑎, ̄𝛼) + 2 × Covar(𝜓, ̄𝛼)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
2×Covar(𝑣,�̄�)

Note that I use the average worker type in firms ̄𝛼 to only speak about the between-firms
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no ̄𝛼 % incl. ̄𝛼 % 𝑎0 %
𝑣 0.065 0.323 0.178

̄𝛼 - 0.136 42% 0.136 76%
𝜓 0.008 12% 0.008 2% 0.008 4%
𝑎 0.049 75% 0.049 15% 0.023 13%

2×cov(𝜓, 𝑎) 0.008 13% 0.008 3% −0.006 −3%
2×cov( ̄𝛼, 𝜓) 0.026 8% 0.026 15%
2×cov( ̄𝛼, 𝑎) 0.095 29% −0.009 −5%

TABLE 7: Dispersion of utility in the economy

differentials25. From the AKM results, I hinted towards the fact that workers heterogeneity
was the biggest contributor to utility dispersion. Indeed, dispersion inworker types accounts
for 42% of utility dispersion across firms. To this, the sorting of good workers to firms with
high rents further contributes 8%. All-in-all, observable wage differentials account for 52%
of the total utility dispersion. The rest is due to unobservable amenities by 15% and their
interaction with the observables. My results suggest a positive utility ladder contributing
3% to utility dispersion. I find that sorting on amenities is even stronger than on firm fixed
effects. The correlation between ̄𝛼 and 𝑎 is 0.59 and contributes 29% to total utility dispersion.

Columns 5-6 show the same decomposition using 𝑎0 the homogeneous workers estima-
tor. Even though amenities have a high variance and contribute significantly (13%) to overall
inequality, they do not reflect sorting nor correlate with firm rents. As a result, the variance
of utility in this economy is 44% lower than with 𝑣. Actually, the estimated amenities cor-
relate negatively with firm rents −0.24, which pushes inequality down. This is evidence of
CDs. Inequality is also reduced thanks to some negative sorting of productive workers on
amenities. This result could be driven by the fact that weighting all flows similarly tends to
underestimate the actual distance between the top and the bottom of the firm-ladder. Fur-
thermore, notice from Table 12 that the correlation of ̄𝛼 and 𝑣0 is negative, which means
that high-productivity workers are unlikely to work in firms that deliver high utility. This is
quite odd but natural given that I use no information on types in the estimation of 𝑣0. Ap-
pendix Figure 13 shows a plot of 𝑣 against 𝑣0 to illustrate how the heterogeneous workers es-
timator transforms the estimated distribution of values. Hence, neglecting the unobservable
heterogeneity in worker productivity leads the homogeneous workers estimator to suggest
high CDs but negative sorting of workers on total compensation going against findings from
Lamadon et al. (2022) for the US among others.

Coming back to themain estimation, my results imply that including amenities in thewel-
fare analysis increases dispersion in utility across firms by around 8 times. This number is so
high only because between firms differences in pay premia are very low once corrected from
workers heterogeneity. When including sorting, the number drops to 1.9, i.e. a 47% contribu-
tion of unobserved amenities to compensation inequality. Note that this results only applies
to tenured workers and not to the entire French labour market. These estimates are some-
what in line with previous findings targeting a similar statistic, higher than Sockin (2021)
and Hall and Mueller (2018), in line with Taber and Vejlin (2020), but lower than Lehmann
(2023).

To connect with Sorkin’s results, I provide the extent to which firm premia compensate
25Remember from Table 3 that between-firm differences in pay represent 0.16 of the total variance in wages 0.32. The

full analysis of within-firms variance is out of the scope of this work.
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for worst amenities. I obtain CDs by regressing 𝜓 on 𝑣. The rationale is that CDs are residual
pay differences for fixed utility: the part orthogonal to the utility-ladder. On the contrary,
the part positively correlated constitutes workers rents at the firm level. As the limit case,
consider CDs that perfectly offset utility differences such that corr(𝜓, 𝑎) = −1. In this case,
all firms provide the same level of utility: CDs perfectly confound firm premia 𝜓. The other
polar extreme is the case where corr(𝜓, 𝑎) = 1. In this case there is no variation in pay
that is orthogonal to 𝑣 hence no CDs. I find that the 𝑅2 is 53%, which implies that CDs
represent 47% of firm premia. Sorkin finds that they represent 70% with his estimates. I find
a surprisingly close 66% using 𝑣0. Now consider how this improves welfare in the economy.
I can decompose the variation in utility as:

Var(𝑣) = Var(UL) − Var( ̃CD)

Where UL stands for Utility-Ladder and is a counterfactual economy where firms cannot
compensate workers for differentials in utility and ̃CD is the part of 𝜓 orthogonal to 𝑣. I show
this identity in the proofs Appendix A. Note that when corr(𝜓, 𝑎) = −1, Var(UL) = Var( ̃CD).
This decomposition allows to measure to what extend firms do compensate workers in the
economy versus what would be the dispersion in utility if they exercised their full market
power (say). I find Var( ̃CD) = 0.0057 and Var(UL) = 0.0705, so firms only compensate 8.1%
of the counterfactual total utility dispersion. In other words, without CDs, inequality in the
labour market would be 8.1% higher (with 𝑣0 I find 22.4%).

As a final analysis, I provide in Table 8 a decomposition of utility dispersion for differ-
ent groups in the IdF labour market. Log wages, firm wage premia 𝜓 and firm amenities 𝑎
are computed across age groups, income terciles, sexes and geography. Wages capture the
overall inequality observable trough the raw data. Firm premium and amenity show where
groups of workers are located and how this influences their utility. I add the covariance of
𝜓 and 𝑎 for each group to show how they experience the wage-amenity trade-of.

First, the first 3 rows present results for terciles of the income distribution. Consistent
with the previous results, I find that income terciles are ranked positively on the basis of
their average firmwage premia and amenity. More paid workers are on average in firms that
pay more and provide better non-pay compensation. Interestingly, the variance in amenity
decreases with income suggesting that higher-paid workers are more concentrated in high
amenity firms. My most striking result is displayed in the last column. I compute the co-
variance between the firm premium and the amenity across each tercile. Since there is a lot
of heterogeneity within firms as seen in Table 3, most income terciles are represented in all
firms. Hence, computing the covariance between 𝑎 and 𝜓 for terciles boils down to comput-
ing the same covariance as Table 6 but weighing firms by their share of employment in each
tercile. I find that the covariance is negative for most workers except the lower tercile where
it is positive. A negative correlation means that firms that pay more provide lower amenities
and conversely. It therefore reveals the presence of CDs for most of the income distribution.
On the contrary, for the lowest tercile, this relationship is positive, suggesting that differences
in amenities go in the same direction as pay differences. This result suggests that most of the
utility dispersion due to the positive correlation of wage premia and amenities is driven by
low-pay workers for whom the firm-utility-ladder is steep.

I also run the same analysis for worker productivity quantiles and find a similar pattern.
Since individual productivity is not observable directly from the data, I prefer to provide my
results in terms of observables such as income terciles. In addition, I show in Figure 4 this
covariance for more quantiles of the income distribution. Similarly, this covariance is found
to decrease with income and turn negative suggesting that CDs are present but not for the
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FIGURE 4: Covariance between 𝑎 and 𝜓 per income quantiles

Obs. Trans. �̄� Var(𝑤) ̄𝜓 Var(𝜓) ̄𝑎 Var(𝑎) 2cov(𝜓, 𝑎)
Income terc. 1 301,897 4,450 9.91 0.039 −0.032 0.006 −0.033 0.051 0.007
Income terc. 2 301,875 5,838 10.4 0.019 0.003 0.005 0.109 0.035 −0.003
Income terc. 3 301,864 7,579 11.1 0.185 0.032 0.006 0.156 0.027 −0.003
Age [22 − 36] 303,324 8,719 10.3 0.178 −0.003 0.006 0.056 0.042 0.004
Age [37 − 47] 306,200 5,903 10.5 0.321 0.002 0.006 0.080 0.044 0.004
Age [48 − 63] 296,112 3,245 10.6 0.417 0.003 0.006 0.097 0.046 0.005

Female 306,616 6,036 10.4 0.270 0.008 0.006 0.099 0.043 0.003
Male 599,020 11,831 10.5 0.353 −0.003 0.006 0.066 0.045 0.005
Paris 185,141 5,001 10.6 0.411 0.014 0.008 0.100 0.050 0.010

IdF excl. Paris 720,495 12,866 10.5 0.302 −0.003 0.006 0.071 0.042 0.003

TABLE 8: Dispersion of utility across groups in 2014

lowest rungs of the labour market. Lastly, Figure 7 in the Appendix, which shows the entire
distribution of 𝑣, shows that the left tail of firm 𝑣s is much more dispersed than the right
tail, suggesting that the lowest utility firms are further apart in the utility-ladder than higher-
up firms. Since those firms are low in the ranking, they certainly benefit from rents from
frictions (Mortensen). Since workers are sorted, lower income workers are over-represented
in this part of the firm distribution and have less chances to climb up the ladder.

The results across age classes are quite intuitive. As age increases, the average wage in-
creases and sorting accentuates therefore increasing the variance in wages. Similarly, ameni-
ties tend to increase with age consistent with other findings that non-pecuniary aspects of
jobs gain in importance throughout life (Lentz et al. 2023). These results also suggest a life-
cycle dimensionwhereasworkers climbup the utility-ladder during their life, consistentwith
the mechanisms of my model.

Sexes do not display very significant differences. Women seem to obtain higher amenities
but this could be driven by some selection into CDI that is unmodelled here. Indeed, there is
quite a big difference in the number of observation between the sexes inmy sample, driven by
large differences in Full-time and tenured employment for French women26. I do not expect
my results to be very robust on this front but they give interesting summary statistics. Finally,
Paris, as opposed to the rest of the IdF, offers higher firm premia and amenities. In addition,

26See here
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its job-ladder is much steeper.

6 Discussion and final remarks
In this work, I recover the entire distribution of pay premia 𝜓, amenities 𝑎 and worker qual-
ities ̄𝛼 in the French IdF labour market. Conditional on some structural assumptions, an
AKM model allows me to disentangle firm wage premia and worker productivities. I then
use Sorkin (2018) structural flows framework, augmented to allow for workers heterogene-
ity, to tell apart amenities from the total utility delivered by the firms. I estimate parameters
pertaining to mobility and the contribution of idiosyncratic preferences to workers’ choices.

In line with previous findings (Maestas et al. 2023), my results suggest that unobserved
amenities constitute a significant missing variable when studying welfare in the labour mar-
ket. I find that some of the wage premia that firms pay can be attributed to CDs, but that
they represent a very tiny part of the dispersion in utility estimated across firms. Hence, the
utility-ladder theory of the labour market seems more appropriate when considering unob-
served utility dispersion across firms.

In addition, I document that sorting on amenities is a large contributor to total compen-
sation dispersion, contributing to 30%, almost as much as heterogeneity in worker produc-
tivities. Lehmann (2023) also finds a positive sorting on amenities but to a lesser extend.
My results resonate with work from Lamadon et al. (2022) who find that high-productivity
workers’ compensation disproportionately goes through non-wageworker rents. In addition,
I find that CDs do appear across all firms but only for firms high enough in the utility-ladder.

Note that my estimates do not actually relate to the entire utility dispersion in the econ-
omy. Indeed, I only document between-firms differences which, for wages, correspond to
48% of total dispersion. To account for total utility dispersion through mymodel, one would
have to take a stand on how well workers are sorted on the basis of their idiosyncratic pref-
erence 𝜖. As in the broader analysis of CDs (Lavetti 2023), this would run into the problem
of disentangling individual preferences and amenity prices, both non-linear objects that in-
teract together. This is outside of the scope of this paper where I only identify the common
amenity at the firm level. Taking this firm-level approach allows me to speak to the nexus
utility-ladder versus CDs, keeping aside considerations on preferences sorting and equilib-
rium amenity provision. This also implies that my results does not completely map with
work from Taber and Vejlin (2020) and Hall and Mueller (2018).

Note that frictions do not bias my estimation in this model, they actually permit iden-
tification. The only reason why workers do not work in their favorite firm is because they
cannot relocate at any time. Hence mobility, thanks to frictions, allows to reveal preferences.
Keep in mind that I defined sorting as a state of the economy and not an equilibrium out-
come. Since bad workers cannot relocate as easily as good ones, they are stuck in bad firms
for longer. However, with enough time, they eventually climb the ladder as do productive
workers. This is in contrast with models of assortative matching where sorting arises in equi-
librium (Shimer and Smith 2000). Here, I am agnostic about such complementarity because
I don’t build an equilibrium. The underlying assumption is that frictions are a stronger force
than complementarity which allows me to have a function 𝜌 independent of the firm value.
A more complex model might include such complementarity, which would potentially in-
crease inequality because bad workers are altogether not a target of high value firms.

Sorkin (2018) argues that it is hard to see how worker heterogeneity would bias his esti-
mates of firm values. Indeed, the model is designed such that 𝜖 captures all unmodeled de-
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terminants of choices and mobility. Only systematic biases in mobility or preferences could
alter estimates of 𝑉 . I show that including differential poaching rates across types allows
to qualitatively reverse the results. My model generates a more dispersed lower end of the
utility ladder where bad workers are stuck for longer. When I further decompose CDs across
the income distribution, I find that CDs represent 45% of the wage differentials at the bottom
but 70% past the 3𝑟𝑑 decile of income as in Sorkin (2018). By reweighing flows of workers by
their quality, my estimator delivers similar results as Sorkin’s but uncovers a low rung to the
labour market where amenity and wages are jointly lower. Not accounting for heterogeneity
leads to estimates that imply a negative sorting of workers on the firms-utility-ladder, a quite
unattractive result.

An other bias could stem from systematically different preferences for amenities - as a
function of location. In particular, non-homothetic preferences imply that workers with low
income derive less value for amenities than workers with high incomes. Their choices would
in turn reflect more closely pay differences than utility differences. This would push the
total values of firms down compared to their true value. Hence non-homothetic preferences
in the direction suggested by Maestas et al. (2023) and Sockin (2021)27 would imply my
estimates are too dispersed. Still, only using tenured workers likely reduces the effect of
non-homotheticity because they are more secured to look at the total compensation bundle
while considering jobs. Again, this caveat pushes towards interpretingmy results as an upper
bound on utility dispersion.

Note that my estimates for mobility parameters depend on the assumption that mobility
is costless. Including costs, in the form of human capital acquisition or dis-utility would im-
ply that the observed mobility is too low compared to potential mobility. This would not
necessarily affect the ranking of firms but could affect the measure of the taste shock. Unob-
served mobility costs would imply that my estimates are too compressed compared to the
actual inequality in the labour market. To wrap up, accounting for these types of forces that
systematically pushworkers tomovemore or less is an interesting avenue for future research
that aims at refining the Sorkin estimator for revealed preferences.

Compared to Sorkin (2018), I keep the matching process quite simple. In his full model,
he allows firms to have heterogeneous recruiting intensities. This way, big firms can devote
more resources to hiring and have more chances to meet a worker with a high idiosyncratic
draw. I do not correct for the job offers distribution being potentially more skewed towards
some firms. Again, this derives from my use of tenured workers. The intuition is that on-
the-job tenured searchers might not meet firms following the common job postings process
as postulated in Sorkin (2018). I assume that workers know the entire distribution of firms
and can only start looking for a job from time to time. Indeed, tenured workers are more
likely to direct their search towards better firms (Banfi and Villena-Roldán 2019), a topic
with still limited evidence (Faberman et al. 2022). Lehmann (2023) finds that his results are
not greatly affected by modifying the offers process.

My results are estimated using only tenured employees. Under the assumption that the
amenity is common to all employees within a firm, not only tenured ones, my results can
be extended to them. Restricting myself to tenured workers is only a some strategy to avoid
potential biases stemming from involuntary mobility. Actually, Table 10 even suggests that
using also CDD workers delivers a lower contribution of amenities to between-firms utility
dispersion.

My assumption on profits allows me to obtain a simple reduced-form acceptance proba-
bility. In addition, with additively separable utility and free firm-level amenity, I can fully

27They find a higher WTP for amenities as workers have a higher income.
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separate the amenity-provision from thewage-setting process. This givesme theAKM frame-
work with a firm wage premium that I can take directly to the total firm flow value. In this
simpler setting, Sorkin (2018) shows that this allows to identify CDs and I further show how
to properly measure the amenity. Building a more intricate framework is far beyond the
scope of this work but could allow to exploit the interesting interaction between workers het-
erogeneity, market power and amenities in general equilibrium as Berger et al. (2023) and
Lamadon et al. (2022) pave the way for. As a result one could exploit how surplus is shared
in the presence of idiosyncratic and common amenities.

Lastly, my method to identify the scale of the taste shock is not flawless. Further work
could potentially improve it by using an instrumental variable approach or identifying jointly
(𝜈, 𝛽) usingMLE. In fine, getting a clear idea of the extend towhich 𝜖 contributes to utility is a
very important empirical question. Given that Taber and Vejlin (2020) find that total wages
would increase by about 18 percent if CDs were to be removed, the extend to which un-
observed worker rents pertain to common amenities (inequality) or individual preferences
(sorting) is capital to make welfare statements.
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A Proofs
For convenience, I repeat some definitions here:

𝑉𝑖(𝛼) = 𝑣𝑖(𝛼) + 𝛽[(1 − 𝜆) × 𝑉𝑖(𝛼) + 𝜆 × ((1 − 𝜌(𝛼))𝑉𝑖(𝛼)

+ 𝜌(𝛼) ∑
𝑘∈Ω∖𝑖

𝑓 E𝜖𝜖′[ max{𝑉𝑖(𝛼) + 𝜖, 𝑉𝑘(𝛼) + 𝜖′} ] )] (VF)

𝑣𝑖 = 𝜓𝑖 + 𝑎𝑖 𝑣𝑖(𝛼) = (1 − 𝜇)𝛼 + 𝜓𝑖 + 𝑎𝑖

𝜂𝛼
𝑖 = ∑

𝑘∈Ω∖𝑖
𝑓 E𝜖𝜖′[ max{𝑉 𝛼

𝑖 + 𝜖, 𝑉 𝛼
𝑘 + 𝜖′} ] (OV)

𝑉 𝛼
𝑖 = 𝑣𝑖 + 𝛽[(1 − 𝜆𝜌(𝛼)) × 𝑉 𝛼

𝑖 + 𝜆𝜌(𝛼)𝑓 𝜂𝛼
𝑖 ] (MVF)

The goal of this Appendix is to unpack the value function andmake proofs as I go. I show
Proposition 1, Proposition 2 and then how I approximate 𝜒 and Proposition 3. A last paragraph
shows the variance decomposition with UL and ̃CD.

Proposition 1: Under the assumptions that utility takes a log-additive form and that profits are
a constant share of 𝛼, the ranking of firms according to 𝑉 𝛼 is the same as with 𝑣 and 𝑉 (𝛼) for all 𝛼.
We can write the value function net of the individual effect as:

𝑉 𝛼
𝑖 = 𝑣𝑖 + 𝛽[(1 − 𝜆𝜌(𝛼))𝑉 𝛼

𝑖 + 𝜆𝜌(𝛼)𝑓 𝜂𝛼
𝑖 ]

with 𝑣𝑖 = 𝑣𝑖(𝛼) − (1 − 𝜇)𝛼 and 𝜂𝛼
𝑖 = ∑𝑘∈Ω∖𝑖 log(exp(𝑉 𝛼

𝑖 ) + exp(𝑉 𝛼
𝑘 ))

From our assumption on the firm’s profits, the expression of 𝑣𝑖(𝛼) is as above and we can
express the common 𝑣𝑖 as in Proposition 1. Starting from the original value function (VF), we
guess that 𝑉𝑖(𝛼) = 1−𝜇

1−𝛽 𝛼 + 𝑉 𝛼
𝑖 and verify:

1 − 𝜇
1 − 𝛽𝛼 + 𝑉 𝛼

𝑖 = 𝑣𝑖 + (1 − 𝜇)𝛼 + 𝛽[(1 − 𝜆𝜌(𝛼)) × (1 − 𝜇
1 − 𝛽𝛼 + 𝑉 𝛼

𝑖 )

𝜆𝜌(𝛼) ∑
𝑘

𝑓 E𝜖𝜖′[ max{1 − 𝜇
1 − 𝛽𝛼 + 𝑉 𝛼

𝑖 + 𝜖 , 1 − 𝜇
1 − 𝛽𝛼 + 𝑉 𝛼

𝑘 + 𝜖′} ] )]

⇔ 1 − 𝜇
1 − 𝛽𝛼 + 𝑉 𝛼

𝑖 = 𝑣𝑖 + (1 − 𝜇)𝛼 + 𝛽1 − 𝜇
1 − 𝛽𝛼 + 𝛽[(1 − 𝜆𝜌(𝛼)) × 𝑉 𝛼

𝑖

𝜆𝜌(𝛼) ∑
𝑘

𝑓 E𝜖𝜖′[ max{𝑉 𝛼
𝑖 + 𝜖 , 𝑉 𝛼

𝑘 + 𝜖′} ] )]
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⇔ 𝑉 𝛼
𝑖 = 𝑣𝑖 + 𝛽[(1 − 𝜆𝜌(𝛼)) × 𝑉 𝛼

𝑖 + 𝜆𝜌(𝛼) 𝜂𝛼
𝑖 ]

As with 𝜂𝑖(𝛼) we have from properties of the EV distribution:

𝜂𝛼
𝑖 = ∑

𝑘∈Ω∖𝑖
𝑓 log(exp(𝑉 𝛼

𝑖 ) + exp(𝑉 𝛼
𝑘 ))

Letme drop the 𝛼 and use 𝜌 = 𝜌(𝛼) since this proof is conditional on 𝛼 andwe can rewrite
it for any 𝛼 such that 𝜌(𝛼) > 0. To show that all rankings imply the same preference ordering
of firms, we rearrange the Mobility Value Function (MVF):

𝑣𝑖 = 𝑉𝑖[1 − 𝛽 + 𝛽𝜆𝜌] − 𝛽𝜆𝜌 × 𝜂𝑖 (7)

Let me denote by 𝑇 the contraction mapping that correspond to this problem:

𝑇𝑖(𝑉 ) = 𝑣𝑖 + 𝛽((1 − 𝜆𝜌)𝑉𝑖 + 𝜆𝜌 ∑
𝑘∈Ω∖𝑖

𝑓 log(exp(𝑉𝑖) + exp(𝑉𝑘))
⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

𝜂𝑖(𝑉 )

)

Where 𝑉 is the vector of values and 𝑇𝑖(𝑉 ) is element 𝑖 of 𝑇 (𝑉 ). To show that 𝑇 is indeed a
contractionmapping, I use Blackwell’s Theorem. Startingwithmonotonicity, let me consider
vectors of values 𝑉 and 𝑉 ′ such that 𝑉 ′

𝑖 ≥ 𝑉𝑖 ∀𝑖. Note that by totally differentiating the
option value, one gets 𝑑𝜂(𝑉 ) = 𝑑𝑉 . Hence, the option value implied by 𝑉 ′ is weakly greater
than for 𝑉 :

𝜂(𝑉 ) = ∑
𝑘∈Ω∖𝑖

𝑓 log(exp(𝑉𝑖) + exp(𝑉𝑘)) ≤ 𝜂(𝑉 ′)

Furthermore, 1 − 𝜆𝜌 > 0 and 𝜆𝜌 > 0. Hence, monotonicity is verified :

𝑇𝑖(𝑉 ) ≤ 𝑇𝑖(𝑉 ′) ∀𝑖
To show discounting, let me consider for some constant 𝑎 > 0 :

𝑇𝑖(𝑉 + 𝑎) = 𝑣𝑖 + 𝛽((1 − 𝜆𝜌)(𝑉𝑖 + 𝑎) + 𝜆𝜌 ∑
𝑘∈Ω∖𝑖

𝑓 log(exp(𝑉𝑖 + 𝑎) + exp(𝑉𝑘 + 𝑎)))

= 𝑣𝑖 + 𝛽((1 − 𝜆𝜌)(𝑉𝑖 + 𝑎) + 𝜆𝜌 ∑
𝑘∈Ω∖𝑖

𝑓 log(exp(𝑉𝑖) + exp(𝑉𝑘)) + 𝜆𝜌(𝐾 − 1) 𝑓 𝑎)

= 𝑇𝑖(𝑉 ) + 𝛽𝑎
Since we have that 𝛽 < 1, 𝑇 is indeed a contractionmapping. Therefore, the Banach Fixed

point Theorem implies that 𝑉 is the unique solution to (7).

To show that the order of preferences according to 𝑣 is similar as the one with 𝑉 , let me
assume it is not. For a pair of firm flow values such that 𝑣𝑖 < 𝑣𝑘, I assume that 𝑉𝑖 > 𝑉𝑘. From
the proof above, there exists 𝑉𝑖 = 𝑇𝑖(𝑉 ) and 𝑉𝑘 = 𝑇𝑘(𝑉 ). I take their difference an obtain :

𝑉𝑖 − 𝑉𝑘 = 𝑇𝑖(𝑉 ) − 𝑇𝑘(𝑉 )
⇔Δ𝑉𝑖𝑘 = Δ𝑣𝑖𝑘 + 𝛽((1 − 𝜆𝜌)Δ𝑉𝑖𝑘 + 𝜆𝜌Δ𝜂𝑖𝑘(𝑉 ))
⇔ Δ𝑉𝑖𝑘(1 − 𝛽(1 − 𝜆𝜌)) − 𝛽𝜆𝜌Δ𝜂𝑖𝑘(𝑉 )⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

<0?
= Δ𝑣𝑖𝑘⏟

>0
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Note that (shown more in detail in the next proof) :

Δ𝜂𝑖𝑘(𝑉 ) = ∑
𝑗∈Ω∖{𝑖,𝑗}

𝑓 log( exp(𝑉𝑖) + exp(𝑉𝑗)
exp(𝑉𝑘) + exp(𝑉𝑗)

)

Which gives that :

∣ Δ𝜂𝑖𝑘(𝑉 ) ∣ ≤ ∣ Δ𝑉𝑖𝑘 ∣

As a result, I write Δ𝜂𝑖𝑘(𝑉 ) = 𝜒Δ𝑉𝑖𝑘 for 𝜒 ∈ [0, 1] and rewrite the previous inequality as
:

Δ𝑉𝑖𝑘(1 − 𝛽(1 − 𝜆𝜌(1 − 𝜒)))⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
<0?

= Δ𝑣𝑖𝑘⏟
>0

For all values of 𝜒, we have that 1 > 1 − 𝛽(1 − 𝜆𝜌(1 − 𝜒)) > 0 which contradicts our as-
sumption. Hence, any 2-elements preference relation on 𝑣 is maintained with 𝑉 . Similarly
𝑉𝑖(𝛼) also conserves the preference order for all 𝛼 because it is equal to 𝑉 𝛼

𝑖 plus some con-
stant.

Proposition 2: Under the same set of assumptions as Proposition 1, we have the following identity
∀𝛼, 𝑖, 𝑗:

Δ𝑉 𝛼
𝑖𝑗 × ℎ(𝛼, 𝑖, 𝑗) = Δ𝑣𝑖𝑗

with ℎ(𝛼, 𝑖, 𝑗) = 1 − 𝛽 + 𝛽 𝜆 𝜌(𝛼) (1 − 𝜒𝛼
𝑖𝑗) and 𝜒𝛼

𝑖𝑗 the difference of option values 𝜂𝛼
𝑖 ranging from

0 when (𝑖, 𝑗) are the worst firms to 1 when they are the best ones.

As before, I keep notation light by dropping 𝛼s and write the difference operator as
Δ𝑉𝑖𝑗 = 𝑉𝑖 − 𝑉𝑗. Let us express the difference in Mobility Value Functions (MVF):

𝑉𝑖 − 𝑉𝑗 = 𝑣𝑖 − 𝑣𝑗 + 𝛽(1 − 𝜆𝜌)(𝑉𝑖 − 𝑉𝑗) + 𝛽𝜆𝜌 × (𝜂𝑖 − 𝜂𝑗)

⇔ Δ𝑉𝑖𝑗 = Δ𝑣𝑖𝑗 + 𝛽(1 − 𝜆𝜌)Δ𝑉𝑖𝑗 + 𝛽𝜆𝜌 × Δ𝜂𝑖𝑗

⇔ Δ𝑉𝑖𝑗(1 − 𝛽 + 𝛽𝜆𝜌(1 − Δ𝜂𝑖𝑗
Δ𝑉𝑖𝑗

)) = Δ𝑣𝑖𝑗

We can further detail Δ𝜂𝑖𝑗:

Δ𝜂𝑖𝑗 = ∑
𝑘∈Ω∖𝑖

𝑓 log(exp(𝑉𝑖) + exp(𝑉𝑘)) − ∑
𝑘∈Ω∖𝑗

𝑓 log(exp(𝑉𝑗) + exp(𝑉𝑘))

= 𝑓 log(exp(𝑉𝑖) + exp(𝑉𝑗)
exp(𝑉𝑗) + exp(𝑉𝑖)

) + ∑
𝑘∈Ω∖{𝑖,𝑗}

𝑓 log(exp(𝑉𝑖) + exp(𝑉𝑘)
exp(𝑉𝑗) + exp(𝑉𝑘))

= ∑
𝑘∈Ω∖{𝑖,𝑗}

𝑓 log(exp(𝑉𝑖) + exp(𝑉𝑘)
exp(𝑉𝑗) + exp(𝑉𝑘))
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Conditional on a set of values {𝑉 }, Δ𝜂𝑖𝑗 is increasing in 𝑉𝑖 and decreasing in 𝑉𝑗. Note that
as 𝑉𝑖 and 𝑉𝑗 get high in the ranking, the terms 𝑉𝑘 become relatively smaller and therefore in
the limit Δ𝜂𝑖𝑗 tends to Δ𝑉𝑖𝑗 when all other 𝑉𝑘 are negligible (relative to 𝑉𝑖 and 𝑉𝑗). On the
contrary, note that as 𝑉𝑖 and 𝑉𝑗 become negligible relative to 𝑉𝑘s - when they both are low in
the ranking -, Δ𝜂𝑖𝑗 tends to 0. We define 𝜒 as:

𝜒𝑖𝑗 = Δ𝜂𝑖𝑗
Δ𝑉𝑖𝑗

As exposed in the Proposition 2, this term takes values between 0 and 1. It tends to 1 as
firms are highest in the ranking and to 0 as firms get worst. The intuition is that as workers
get in better firms, their option value 𝜂𝑖 contains more of their own firm value and less of all
other firms. Hence switching firms high in the rankingmakes a difference in expected utility
of the order Δ𝑉𝑖𝑗. Conversely, switching firms at the bottom makes no difference in terms of
option value because they are both low (basically Δ𝜂𝑖𝑗 ≈ E[𝑉 ] − E[𝑉 ] = 0). Note that 𝜒𝑖𝑗 is
increasing in the average of the ranks of 𝑖 and 𝑗.

Finally, we get our expression for ℎ, the function that maps expected value of firms to
flow values:

Δ𝑉𝑖𝑗(1 − 𝛽 + 𝛽𝜆𝜌 × (1 − 𝜒𝑖𝑗))⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
ℎ(𝑖,𝑗)

= Δ𝑣𝑖𝑗

It is straightforward to generalize for all 𝛼.

I now show how I estimate this. To map 𝑣 to 𝑉 , one needs information on the entire
distribution because it is needed to compute 𝜂. Without it, we cannot pin down the value
functions:

𝑣𝑖 = 𝑉𝑖[1 − 𝛽 + 𝛽𝜆𝜌] − 𝛽𝜆𝜌 × 𝜂𝑖

This could be solved as the fixed point of a system as hinted above. However, in practice,
the estimation only requires 𝑣 and ℎ without needing to compute all 𝑉 𝛼. Hence, I propose to
use the function ℎ and some approximation of 𝜒 to accelerate the estimation. I start by some
definition. We call the Static Value Function (SVF), the utility derived from firm 𝑖 when
mobility is impossible.

𝑉 ∗
𝑖 = 𝑣𝑖 + 𝛽𝑉 ∗

𝑖 (SVF)

Here mapping expected values and flow values is easy: 𝑣𝑖 = (1 − 𝛽)𝑉 ∗
𝑖 . Note that since it

removes mobility, it kills the option value and therefore simplifies the mapping. This rank-
ing 𝑉 ∗ also satisfies quite obviously the same order of preferences as 𝑣. I then compute the
shadow option value 𝜂∗:

𝜂∗
𝑖 = ∑

𝑘∈Ω∖𝑖
𝑓 log(exp(𝑉 ∗

𝑖 ) + exp(𝑉 ∗
𝑘 ))

This option values uses information on 𝑣 but not on 𝑉 𝛼s. Next, I use this vector of option
values to compute any 𝜒𝛼

𝑖𝑗 as:

∀𝛼 𝜒𝛼
𝑖𝑗 ≈ Δ𝜂∗

𝑖𝑗
Δ𝑉 ∗

𝑖𝑗
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𝛼 = −3 𝛼 = 0 𝛼 = 3
V(𝑉 𝛼)/V(𝑉 ∗) 99% 69% 52%

(Interc.) 0.000 0.005 0.009
𝛽 1.000 1.000 1.001
R2 1.0 0.999 0.997

TABLE 9: Prediction of 𝜒𝛼 with Δ𝜂∗
𝑖𝑗/Δ𝑉 ∗

𝑖𝑗

To motivate this modelling, I show numerically that for any 𝛼 value this approximation
performs verywell. The intuition is that 𝜒𝑖𝑗 is informative about the relative standing of 𝑖 and
𝑗 in the overall ranking. Since this ranking is similar to the ranking with 𝑣, I can recover this
information and use it to predict the weight of the option value difference in the ℎ function
for all types (1 − 𝜒𝑖𝑗). All-in-all, since 𝛼 is not determinant to the term 𝜒𝛼, I can neglect it at
a low cost.

Table 9 shows the results from my simulation28. Remark that the fit gets less good as 𝛼
gets larger. This is expected since mobility plays a larger role in determining the dispersion
of utility. The first row shows the ratio of the variance of 𝑉 𝛼 over 𝑉 ∗ (which is maximized
because workers cannot move). We see that as workers get more productive, they are more
mobile so their expected utility is less dispersed between firms. The results then show the co-
efficients for a linear regression of 𝜒 on Δ𝜂𝛼

𝑖𝑗/Δ𝑉 𝛼
𝑖𝑗 simulated values. The fit is almost perfect

for all relevant values of 𝛼 (even for higher values not shown here). Basically, since mobility
is quite low, the option value does not vary too much across workers. What changes more is
the actual access to firms determined by the acceptance function 𝜌.

Proposition 3: Within a certain parameters region or when 𝛼s are not too dispersed within firms
we can use:

∫ 𝜌(𝛼)𝑃(𝑉 𝛼
𝑗 ≻ 𝑉 𝛼

𝑖 )𝑑𝐹𝑖(𝛼) ≈ 𝜌(𝛼𝑖)𝑃 (𝑉 𝛼𝑖
𝑗 ≻ 𝑉 𝛼𝑖

𝑖 )

with 𝛼𝑘 = ∫ 𝛼 𝑑𝐹𝑘(𝛼)

I show in Figure 5 how themobility probability varieswith theworker type𝛼. The approx-
imation proposed in Proposition 3 suggests that we can approximate the firm-level mobility
rate by its of the average worker. This approximation is exact in 2 situations: (1) if there is
only one type ofworkers in the firm (𝐹𝑖(𝛼) = 𝛿𝛼𝑖

(𝛼)) or (2) if all 𝛼 are in some interval where
the function is linear. From the Figure, we see that in any other cases, my approximation will
over- or under-estimate the true firm mobility rate. This derives from the fact that the func-
tion is concave above 0 and convex below. Hence taking the average type will systematically
underestimate the mobility from firms with 𝛼𝑖 < 0 and systematically overestimate the mo-
bility from firms with 𝛼𝑖 > 0. Hence, as mentioned in the main text, the dispersion in values
can be interpreted as an upper bound for the true dispersion.

Finally, I show the proof formy variance decompositionwith theUtility-Ladder (UL) and

28Simulation uses parameter values as estimated in the baseline results. I draw 200 firm flow values distributed logistic
(0, 5) and compute the expected values 𝑉 𝛼 for each type of worker. I then estimate the true 𝜒𝛼

𝑖𝑗 and compare it with the
estimates given by 𝜒∗

𝑖𝑗
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FIGURE 5: Mobility probability as a function of 𝛼 decomposed into the dispersion-in-
values and acceptance rate effects

Compensating Differentials (CD). First recall the formula for CDs:

𝜓 = 𝜙𝑣 + ̃CD ⇔ ̃CD = 𝜓 − 𝜙𝑣

where the CDs corresponds to the part of firm premia that is orthogonal to utility. It
corresponds to the share of the variance that is actually compensated by wage differentials.
We obtain the following decomposition:

𝑣 = 𝜓 − 𝜙𝑣⏟
̃CD

+ (1 + 𝜙)𝑣 − 𝜓⏟⏟⏟⏟⏟
UL

We augment the utility dispersion to make CDs visible. The UL corresponds to the dis-
persion in utility plus the CDs. It can be though of as a counterfactual where firms do not
compensate some amenity differentials with wages. We then compute the variance of those
terms to arrive to the decomposition shown in the main text:

V(𝑣) =V( ̃CD + UL)
=V( ̃CD) + V(UL) + 2Cov( ̃CD,UL)

V( ̃CD) = V(𝜓 − 𝜙𝑣) = V(𝜓) + 𝜙2V(𝑣) − 2𝜙Cov(𝜓, 𝑣)

Cov( ̃CD,UL) = Cov(𝜓 − 𝜙𝑣, (1 + 𝜙)𝑣 − 𝜓)
= (1 + 𝜙)Cov(𝜓, 𝑣) − V(𝜓) − 𝜙(1 + 𝜙)V(𝑣) + 𝜙Cov(𝜓, 𝑣)

2Cov( ̃CD,UL) + V( ̃CD) = −V(𝜓) − 𝜙2V(𝑣) + 2[(1 + 𝜙)Cov(𝜓, 𝑣) − 𝜙V(𝑣)]
= −V(𝜓) − 𝜙2V(𝑣) + 2𝜙Cov(𝜓, 𝑣)
= −V( ̃CD)

Hence our result:

V(𝑣) =V(UL) − V( ̃CD)
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FIGURE 6: Binned mean and 90% interval of bootstrap estimates compared to Baseline
estimates

B Robustness and Standard errors
In this Appendix, I discuss 3 aspects of my work that relate to robustness and uncertainty
in my estimates. The first subsection presents the bootstrapped standard errors from the
estimation. The second goes over additional estimation results that use more transitions to
document the robustness of my estimates to those changes. Finally, I discuss the estimation
of 1/𝜈 and the sensitivity of my results to any residual correlation between 𝜓 and 𝑎.

1. Standard errors
Sorkin (2018) and Lehmann (2023) use bayes-empirical methods to shrink their estimates
using the number of observations they have for each firm. Instead, I prefer to use a denser
subset of firms that provides memore precise estimates. Indeed, I don’t findmy results to be
overly dispersed when I compare them with estimates using more moves (see next subsec-
tion) but they might be imprecise. Hence, I perform a bootstrap of my estimates to evaluate
the level of precision that I attain.

I bootstrap the main results 300 times by sampling without replacement in the original
dataset. Figure 6 shows the 5𝑡ℎ and 95𝑡ℎ percentiles of my results for each firm value29. The
Figure shows wide and left skewed confidence sets. The dashed line shows that some 13%
of firms are significantly better than the average firm and 23% are significantly worse, the
rest has the average falling in the 90% interval of estimates. Since most firms are actually
close in the distribution, it is very hard to tell them apart. Still, it is possible to rank them
and account for the uncertainty in the ranking. Note that at this stage, 𝑣s could be in any
scale because scale does not matter to discuss the preferences, only to convert them to the
log euro scale. I account for uncertainty by computing the ranking confidence sets as in
Mogstad et al. (2020). Marginal and simultaneous sets are displayed in Appendix Figure 8.
Assuming that estimates are normally distributed - which they are not, we get that individ-
ual rank (marginal) and the global ranking (simultaneous) are contained in these sets with
probability 90%. Under this light, my estimates clearly do not allow to draw inference at the

29They are binned for anonymity concerns.
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firm level, but they provide a robust description of the French economy. Keep in mind that
I have as little as 5 moves to locate each firm in the ranking.

2. Sample selection
In Table 10, I provide a subset of results for different data specifications. I describe the sam-
ples and discuss the results in turn. The first row reports my baseline results for reference.
To ease comparison, this table reports results for the set of firms contained in the baseline
results. I estimate the values for the full sample and then only report statistics computed
with the subset of firms that intersect with the baseline SCS.

• Including ENE transitions: As a first test, I keep the baseline sample and estimate
values with all transitions between tenured jobs, including those through more than
30 days of unemployment. Since ENE transitions are more likely to be involontary,
𝑣s might be biased and seem to deliver systematically more utility to workers mak-
ing an ENE move. This results into a lower 1/𝜈 because ENE moves are not towards
higher paying firms, hence the regression spuriously identifies a high role for ameni-
ties. Similarly, this bias increases significantly the size of residual utility and therefore
the contribution of amenities to total compensation dispersion.

• Not filtering for firm size: In this estimation, I use a larger sample of firms (∼ 7000) to
see how omitting firms not in the SCS might produce noisier estimates. In particular,
I do not perform the third filtering step that removes half of the transitions by keep-
ing firms that have 30 workers per period and 5 in- and out-moves. I find estimates
very much in line with the baseline results (for the firms included in the baseline), if
anything with more dispersion in utility.

• Including CDD workers: For this test, I keep all full-time workers, no matter their
tenure. Bear in mind that in the main sample I filter for CDI-CDI transitions. There-
fore, this new sample adds CDD-CDI, CDI-CDD and CDD-CDD transitions and might
also suffer from containing workers that involontarily switch firms. This results in a
lesser contribution of amenities compared to the previous results. This could reflect
the fact that workers pre-tenure do not value amenities as much as tenured workers,
motivating evidence for my restriction to tenured employees. Also, this could suggest
some tenure effect whereby tenure compensates for amenities (as would wage CDs),
this is left for future work. However, it could very well derive from the fact that more
transitions allow for less noisy estimates and therefore a lower contribution of ameni-
ties to compensation dispersion - as suggested by the lower share of CDs which are
basically residuals from 𝑣 ∼ 𝜓.

• Longer time span: I then repeat the whole estimation as in the baseline but including
data for the years 2016-2018. My baseline only contains 5 years to garantee the stability
of 𝜓 and 𝑎 over the period but it is interesting to use a longer period and still assume
stability. The results are very close to the baseline in all regards. They also suggest that
more data helps to estimate more precisely CDs but do not point towards qualitatively
different results in terms of compensation dispersion. I restrict my analysis to the first
period but could also compare how my estimates evolve with time. This is also left for
future work.

Lastly, Sorkin (2018) shows byMonte Carlo simulations that his estimator does not quan-
titatively provide too dispersed estimates. This is consistent with my sample checks not
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(1 + 𝛽)/𝜈 1/𝜈 ̃CD V(𝑎) 2cov(𝑎, 𝜓) 2cov(𝑎, ̄𝛼)
Baseline 10.8 7.1 47% 0.049 0.008 0.095
EE + ENE 8.9 4.2 47% 0.1010 0.0175 0.1559

No filter loop 11.8 7.2 46% 0.0540 0.0097 0.1044
CDI + CDD 7.5 7.0 38% 0.0290 0.0021 0.0610
2010-2018 10.9 6.9 36% 0.0358 0.0103 0.0784

TABLE 10: Results with broader samples

delivering great differences depending on the number of transitions. Indeed, row 5 shows
less CDs but very close estimates.

3. Estimation and robustness to scale measurement
In this subsection, I motivate my choice of specification for estimating 1/𝜈 and provide some
illustration on how relaxing this assumption would affect my results.

Table 11 provides all the steps towards finding a suitable estimate for 1/𝜈. First, recall
that the regression 𝑣 ∼ 𝜓 might be biased depending on the correlation 𝛽 between 𝑎 and
𝜓. Of course the coefficient resulting from the regression using workers mobility choices
Δ𝑣 ∼ Δ𝜓 might suffer from a similar bias because workers sample firms from an underlying
distribution that has some unobserved correlation. Therefore, my estimate in row 2 might
suffer from a similar bias as row 1 even though it is way lower. Now consider the fact that
workers are originally located in some firm and that they have heterogeneous mobility rates.
Hence my estimate from Δ𝑣 ∼ Δ𝜓 might not reflect the underlying distribution of (𝜓, 𝑎)
anymore but some function of the location of all workers on the job-ladder and their indi-
vidual productivity. In addition, note that depending on the location in the ladder, 𝛽 could
change, for example at the top all firms could pay high wages but provide very different
amenities, dampening the relationship between 𝑣 and 𝜓. Consider for example in row 4, the
regression using only moves conditional on workers staying in the same industry and the
same occupation. Those workers could very well want to keep the same working conditions
while moving to a higher-paying firm. On the contrary they might not care so much about
the wage premium but about the working conditions given that they are likely to have some
bargaining power from their experience. The very low estimates seem to suggest that the
second narrative dominates in the data.

To sidestep these considerations, I make the assumption that workers that go through un-
employment search jobs by prioritizing firm premia compared to total compensation. The
intuition is that theymight bemore constrained financially and therefore disregard amenities.
This might not completely reduce the fact that workers sample from a correlated distribution,
but at least reduces the bias and indicate its direction. Comparing rows 2 and 3 suggests that
amenities are correlated positively with firm premia (and conversely for 𝑎0). I find that the
results from a regression using ENEmovers provide systematically consistent estimates with
regard to the resulting correlation between 𝑎 and 𝜓. In addition, I find that this relationship
increases with income before the move, suggesting that higher-income non-employed work-
ers might be waiting to find a better offer (pushing up the correlation Δ𝑣 ∼ Δ𝜓). Therefore,
I only consider workers that are in the bottom 25𝑡ℎ percentile of the firm values. My pre-
ferred specification is given by the starred estimates. Using EEmoves from the bottom of the
distribution indeed shows that individuals down the ladder care a lot about wage premia,
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Model 𝑣 𝑣0
𝑣 ∼ 𝜓 10.8 3.9

Δ𝑣 ∼ Δ𝜓 ∣ EE 6.4 4.4
Δ𝑣 ∼ Δ𝜓 ∣ ENE 6.7 3.8

Δ𝑣 ∼ Δ𝜓 ∣ within 3.5 1.3
Δ𝑣 ∼ Δ𝜓 ∣ EE ∩ 25th 9.4 8.9

Δ𝑣 ∼ Δ𝜓 ∣ ENE ∩ 25th 7.1* 6.6*

TABLE 11: Taste shock scale measurement

but it doesn’t mean that they don’t consider the amenity which is still correlated with firm
premia.

To address the concern that my assumption could be misguided, I provide a simple sensi-
tivity analysis. If indeed there subsists some correlation ̃𝛽 after restricting my regression
to the set of ENE movers at the bottom of the firm values distribution, I can still recom-
pute the true 1/𝜈 as a function of some residual correlation ̃𝛽 and my estimate ̂𝛾 such that
1/𝜈 = (1 + ̃𝛽)/ ̂𝛾. I show the full utility decomposition as a function of ̃𝛽 in Appendix Fig-
ure 10 (LHS). Changing 1/𝜈 only affects my estimates of 𝑎. Given that I find a correlation
between 𝑎 and 𝜓 of 0.24 (Table 12 and Appendix Figure 9), a residual correlation of around
−.3 faced by ENE movers would overturn my result. Regarding sorting on amenities, this
correlation would need to be as low as −.8, a very unrealistic number. On the contrary, a pos-
itive unobserved correlation - due to the underlying correlation in job offers to unemployed -
would only increase the role of amenities in the utility dispersion. Given my estimate in the
regression 𝑣 ∼ 𝜓 this is most likely direction of such potential bias.

C Additional graphs and tables
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FIGURE 7: Taste shock relative to the estimated dispersion of firm flow values 𝑣 (LHS)
and 𝑣0 (RHS)

FIGURE 8: Marginal (LHS) and Simultaneous (RHS) confidence sets for the ranking of
firms

FIGURE 9: True Cor(𝜓, 𝑎) as a function of the residual unobserved correlation ̃𝛽
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FIGURE 10: Sensitivity of the full utility decomposition as a function of the residual
unobserved correlation ̃𝛽

FIGURE 11: Probability of moving to a higher 𝑣 firm and getting a higher wage condi-
tional on firm FE difference Δ𝜓 upon moving

FIGURE 12: Panel of variables against 𝑣: 𝜓, ̄𝛼, firm size and 𝑣0 (all binned)
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FIGURE 13: Binned scatterplot of 𝑣0 and 𝑣

𝑣 ̄𝛼 𝜓 𝑎 𝑣0 𝑎0
𝑣 - 0.65 0.53 0.94 0.66 0.37

̄𝛼 - 0.40 0.59 −0.08 0.15
𝜓 - 0.21 0.34 −0.24
𝑎 - 0.62 0.52
𝑣0 - 0.82
𝑎0 -

TABLE 12: Correlation of estimates

𝜓 𝑎 𝜓 𝑎 𝜓 𝑎
Intercept −0.317*** −0.621*** 0.128 0.484 0.096 0.431

(0.087) (0.188) (0.330) (0.580) (0.313) (0.492)
Weekly hours / 100 0.498*** 1.692*** −1.586 −4.393 −1.299 −3.734

(0.214) (0.576) (1.704) (3.315) (1.634) (2.863)
(Hours/100)2 3.360 8.338* 2.815 6.942

(2.260) (4.732) (2.184) (4.085)
𝑎 or 𝜓 0.065*** 0.416**

(0.025) (0.151)
SE sector cluster Y Y Y Y Y Y

R2 0.07 0.04 0.07 0.05 0.10 0.07

TABLE 13: Regression of firm premia and amenities on average weekly hours
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Sector A16 𝑣 rank 𝑣0 rank
Activities auxiliary to financial services and insurance KZ 1 9

Leather and footwear industry C 2 1
Insurance KZ 3 2

Financial services, except insurance and pension funding KZ 4 8
Manufacture of other transport equipment C 5 4

Other manufacturing industries C 6 3
Programming and broadcasting JZ 7 13

Chemical industry C 8 5
Publishing industry JZ 9 28

Beverages manufacturing C 10 17
Pharmaceutical industry C 11 21

Scientific research and development MN 12 26
Manufacture of machinery and equipment C 13 20

Manuf. of fabricated metal products, exc. mach. and equip. C 14 27
Manufacture of computer, electronic and optical products C 15 32

Other specialized, scientific and technical activities MN 16 22
Wholesale trade, except of motor vehicles and motorcycles GZ 17 19

Head office activities; management consulting MN 18 31
Manufacture of rubber and plastic products C 19 34

Air transport HZ 20 25
Manufacture of other non-metallic mineral products C 21 36

Real estate activities LZ 22 6
Automotive industry C 23 44

Electrical equipment manufacturing C 24 41
Information services JZ 25 42
Telecommunications JZ 26 48

Repair and installation of machinery and equipment C 27 18
Water collection, treatment and distribution DE 28 24

Postal and courier activities HZ 29 11
Motion picture, video and television program production JZ 30 49

Sports, leisure and recreational activities RU 31 43
Building construction FZ 32 12

Advertising and market research MN 33 52
Teaching OQ 34 51

Food industry C 35 38
Rental and leasing activities MN 36 30

Programming, consulting and other IT activities JZ 37 55

TABLE 14: Ranking on 𝑣 and 𝑣0 for the granular sectoral decomposition
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Sector A16 𝑣 rank 𝑣0 rank
Administrative and other business support activities MN 38 37

Civil Engineering FZ 39 16
Metallurgy C 40 56

Electricity, gas, steam and air conditioning prod. and distr. DE 41 15
Clothing industry C 42 7

Architectural and engineering & technical control and analysis MN 43 52
Legal and accounting activities MN 44 57

Travel agencies, tour operators, reservation services and related MN 45 50
Warehousing and auxiliary transport services HZ 46 35

Specialized construction work FZ 47 23
Wastewater collection and treatment DE 48 45

Waste collection, treatment and disposal & recovery DE 49 14
Land and pipeline transport HZ 50 10

Retail trade, except of motor vehicles and motorcycles GZ 51 46
Sale and repair of automobiles and motorcycles GZ 52 29

Catering IZ 53 33
Hospitality services IZ 54 47

Activities for human health OQ 55 40
Building services and landscaping MN 56 39

Investigation and security MN 57 54

TABLE 15: Ranking on 𝑣 and 𝑣0 for the granular sectoral decomposition (Continued)

Sector code
Mining, energy, water, waste management and remediation DE

Manufacturing C
Construction FZ

Trade GZ
Transportation and storage HZ

Accommodation and catering IZ
Information and communication JZ
Financial and insurance activities KZ

Real estate activities LZ
Scientific and technical activities & admin. and support services MN

Public administration, education, health and social work OQ
Other service activities RU

TABLE 16: Sector codes
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